INVESTIGATING HUMAN WHITE MATTER ORGANIZATION WITH MULTIMODAL QUANTITATIVE MAGNETIC RESONANCE IMAGING by Slater, David
		
Unicentre 
CH-1015 Lausanne 
http://serval.unil.ch 
 
 
	
RRRRYear : 2018 
 
 
INVESTIGATING HUMAN WHITE MATTER ORGANIZATION WITH 
MULTIMODAL QUANTITATIVE MAGNETIC RESONANCE IMAGING 
 
Slater David 
 
 
 
 
 
 
Slater David, 2018, INVESTIGATING HUMAN WHITE MATTER ORGANIZATION WITH 
MULTIMODAL QUANTITATIVE MAGNETIC RESONANCE IMAGING 
 
Originally published at : Thesis, University of Lausanne 
 
Posted at the University of Lausanne Open Archive http://serval.unil.ch 
Document URN : urn:nbn:ch:serval-BIB_B3BCFA1117447 
 
 
Droits d’auteur 
L'Université de Lausanne attire expressément l'attention des utilisateurs sur le fait que tous les 
documents publiés dans l'Archive SERVAL sont protégés par le droit d'auteur, conformément à la 
loi fédérale sur le droit d'auteur et les droits voisins (LDA). A ce titre, il est indispensable d'obtenir 
le consentement préalable de l'auteur et/ou de l’éditeur avant toute utilisation d'une oeuvre ou 
d'une partie d'une oeuvre ne relevant pas d'une utilisation à des fins personnelles au sens de la 
LDA (art. 19, al. 1 lettre a). A défaut, tout contrevenant s'expose aux sanctions prévues par cette 
loi. Nous déclinons toute responsabilité en la matière. 
 
Copyright 
The University of Lausanne expressly draws the attention of users to the fact that all documents 
published in the SERVAL Archive are protected by copyright in accordance with federal law on 
copyright and similar rights (LDA). Accordingly it is indispensable to obtain prior consent from the 
author and/or publisher before any use of a work or part of a work for purposes other than 
personal use within the meaning of LDA (art. 19, para. 1 letter a). Failure to do so will expose 
offenders to the sanctions laid down by this law. We accept no liability in this respect. 
 
 
Département de Neurosciences Cliniques 
 
 
INVESTIGATING HUMAN WHITE MATTER ORGANIZATION WITH 
MULTIMODAL QUANTITATIVE MAGNETIC RESONANCE IMAGING 
 
 
Thèse de doctorat en Neurosciences 
 
présentée à la 
 
Faculté de Biologie et de Médecine 
de l’Université de Lausanne 
 
par 
 
David Slater 
 
Neuroscientifique diplômé de l’Université de King’s College London, Royaume-Uni 
 
Jury 
 
Prof. Nicolas Toni, Président 
Prof. Bogdan Draganski, Directeur 
Dr. Antoine Lutti, Co-Directeur 
Prof. Jean-Philippe Thiran, Expert 
Prof. Lutz Jäncke, Expert 
 
Thèse n° 225 
 
Lausanne 2018 
 
 
Programme doctoral interuniversitaire en Neurosciences 
des Universités de Lausanne et  Genève 
 
 
 
                                                                                          

 
 
i 
 
Acknowledgements 
I would like to thank my supervisors Prof. Bogdan Draganski and Dr. Antoine Lutti for their support and 
encouragement during my PhD. Working with them has taught me a great deal and provided an 
environment where I could constantly challenge myself and grow as a researcher. I appreciate the technical 
support and scientific discussions we have engaged in on a regular basis and the trust that they placed in 
me and my work. 
In addition to my supervisors, I have been fortunate to work with many wonderful and talented 
individuals within the lab. I would like to thank Lester Melie-Garcia for his guidance and engaging 
neuroscientific discussions. The PhD students who were already there when I arrived who helped me to get 
settled and adapt to life in the lab, as well as the later students to arrive who have provided great friendship 
and support in the final stages of the PhD. I would also like to thank Ferath Kherif and Marzia De Lucia for 
their input and suggestions during the regular lab meetings. 
I thank my lab mates from the LREN, Claudia Modenato, Sandrine Muller, Elisabeth Roggenhofer, Gretel 
Sanabria-Diaz, Anne Ruef, Sara Lorio, Renaud Marquis, Sandra Martin, Elham Barzegaran, Jing Cui, Borja 
Rodriguez-Herreros, Lucien Gyger, Maya Jastrzębowska, Elsa Juan, Leyla Loued-Khenissi, Estelle Dupuis and 
Remi Castella for many happy shared memories in the beautiful city of Lausanne. 
During my PhD I have received a great deal of support from my family and friends. I would like to provide 
a special mention to my parents who have always provided support and encouragement. The wonderful 
friends I have made in Lausanne have made the experience so enjoyable. I will always remember the 
lakeside barbeques in summer, days of perfect skiing in the mountains, and various adventure sport 
activities I was fortunate enough to try during this time. 
None of this work would have been possible without the study participants being so generous with their 
time to come and visit the neuroimaging lab. Additionally, the work in the LREN was supported by grants 
from the Swiss National Science Foundation, Foundation Synapsis, the Human Brain Project, and the Roger 
De Spoelberch foundation. 
Finally, I would like to thank the thesis jury experts, Prof. Jean-Philippe Thiran and Prof. Lutz Jäncke, and 
the jury president Prof. Nicolas Toni who kindly agreed to take part in the evaluation of the present work. 
  
 
 
ii 
 
Abstract 
Quantifying microstructural properties of the human brain’s connections is essential for understanding 
its development, maturation, aging and related diseases. Properties of human brain anatomy change across 
the lifespan and the white matter is known to play a crucial role in cognitive development, healthy cognition, 
and cognitive decline in old age. A promising avenue for the investigation of white matter microstructure 
comes from the development of non-invasive magnetic resonance imaging (MRI) techniques that can 
quantitatively measure multiple brain tissue properties in a single subject. 
Early investigations have begun to map tissue property changes across the lifespan and to link them to 
topological aspects of network organization. Despite this progress, many studies are limited by their 
relatively small sample sizes and the use of a small number of tissue measurements that are often non-
specific and difficult to interpret directly in neuro-biological terms. In the present thesis, I address these 
issues by investigating human white matter organization in a large imaging cohort using multi-modal 
quantitative magnetic resonance imaging (qMRI) across three experimental investigations. 
In the first study, I combine qMRI relaxometry measurements of MT, R1 and R2* with diffusion MRI and 
tractography in a large sample of 801 individuals aged 7-84 years. Robust nonlinear aging effects were 
observed across tissue measurements and tracts, with tract microstructure measurements expected to 
peak between the mid-twenties and mid-fifties before losing myelin and changing in microstructural 
organization with increasing age. I further provide quantitative evidence for the last-in-first-out retrogenesis 
hypothesis of aging. 
In the second study, I apply a data-driven clustering analysis of tissue microstructure changes over the 
lifespan. I discover five unique white matter modules of synchronized lifespan tissue change that overlap 
spatially with distinct brain function systems. Pathways within a ‘lifespan module’ share similar tissue 
microstructure trajectories over the lifespan. I interpret our findings in the context of ontogenetic 
modularity along functional and genetic subsystems. 
Finally, I investigate the relationships between topological modularity and tissue microstructure in a 
group of young adult subjects and a large replication dataset taken from the Human Connectome Project 
(HCP). The results suggest a hierarchically modular organization in human brain anatomical networks with 
enriched microstructure in the brain’s most integrative pathways. My findings support previous data on the 
structure-function relationships in brain hub regions and concepts of modular organization and 
specialization in human brain networks. 
Results from these studies conducted on an unusually large, single-scanner sample provide one of the 
most extensive characterizations of human white matter microstructure organization in the present 
literature.  
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Résumé 
Quantifier les propriétés microstructurelles des connexions cérébrales humaines est essentiel pour 
comprendre le vieillissement du cerveau et les maladies neuropsychiatriques. La matière blanche du 
cerveau humain change tout au long de la vie et celle-ci est connue pour jouer un rôle crucial dans le 
développement, les fonctions exécutives et le déclin cognitif chez les personnes âgées. Le développement 
de techniques non invasives d'imagerie par résonance magnétique (IRM) - qui permettent de mesurer 
quantitativement de multiples propriétés des tissus cérébraux chez un même sujet – ouvre de nouvelles 
perspectives pour l’étude micro-structurelle de la matière blanche. 
La plupart des études cartographient les changements de propriétés tissulaires au cours de la vie et les 
relient aux aspects topologiques de l'organisation du réseau cérébral. Cependant, bon nombre de ces 
études sont limitées par le nombre réduit d’échantillons ainsi que par l'utilisation d'un petit nombre de 
mesures tissulaires, souvent non spécifiques et difficiles à interpréter biologiquement.  
Dans la présente thèse, j'aborde ces questions en étudiant l’organisation de la matière blanche, autour 
de trois études expérimentales, basées sur une vaste cohorte de données d’IRM quantitative multimodale 
(qIRM). 
Dans la première étude, j’associe des mesures de relaxométrie qMRI (MT, R1 et R2*) , des données de 
diffusion et de tractographie, sur un large échantillon de 801 individus âgés de 7-84 ans. On peut observer 
des effets non linéaires marqués du vieillissement des tissus et des connexions cérébrales ; On estime que 
la microstructure des connexions atteint un pic entre le milieu de la vingtaine et le milieu de la cinquantaine, 
avant une dégradation progressive de la myéline. Ces observations nous permettent d’apporter des preuves 
quantitatives de l'hypothèse de retrogénèse « last-in-first-out ». 
Dans la deuxième étude, je réalise un clustering multivarié des changements tissulaires au cours de la 
vie. On observe cinq modules de matière blanche au sein desquels les changements de tissu sont 
synchronisée au cours du vieillissement. De plus, ces «Lifespan Modules» se chevauchent spatialement avec 
des systèmes fonctionnels connus. On peut interpréter ces résultats dans le contexte de la modularité 
ontogénétique dans les sous-systèmes fonctionnels et génétiques. 
Enfin, la troisième étude porte sur les relations entre la modularité topologique et la microstructure 
tissulaire chez un groupe de jeunes adultes, corroborée par un large ensemble de données de vérification 
issu du Human Connectome Project (HCP). Les résultats suggèrent une organisation modulaire hiérarchique 
dans les réseaux anatomiques du cerveau humain avec une microstructure enrichie dans les voies les plus 
intégratives du cerveau. Nos résultats confirment des études préalables sur les relations structure-fonction 
des « brain hubs » et sur les concepts d'organisation modulaire et de spécialisation dans les réseaux 
cérébraux humains. 
Les résultats de ces études réalisées sur un échantillon aussi large fournissent l'une des caractérisations 
les plus complètes - dans la littérature actuelle - de l'organisation de la microstructure de la matière blanche 
chez l'homme.  
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1. Introduction 
1.1 Overview and motivation 
Understanding how cellular processes in the living brain drive cognitive changes over the 
lifespan remains a major goal of human neuroscience. While many investigations have 
focused on the billions of cortical neurons, and trillions of synapses linking them, findings in 
recent years have made it evident that the white matter is also critically involved in almost 
every aspect of development, normal behavior, and age related cognitive decline. Though less 
well studied than the cortex, human white matter comprises approximately half of total brain 
volume, has been greatly expanded with evolution, and the combined length of connections 
in the white matter of a typical adult could encircle the Earth more than three times 
(Schoenemann et al., 2005; Walhovd et al., 2014). 
Evidence from clinical neuroanatomy investigations indicates that white matter underpins 
the communication of distributed neural networks, often conceptualized as the structural 
basis of evolved human behaviors, and that focal lesions to the white matter can result in 
disconnection syndromes with particular clinical phenotypes (Catani et al., 2012; Geschwind, 
1965). In recent decades the study of white matter organization in health and disease has 
been greatly aided by the advent of magnetic resonance imaging (MRI), revealing how white 
matter lesions can lead to disrupted cognition and disease states (Fields, 2008). Advanced MRI 
methodologies are now capable of non-invasively probing many cellular processes in the 
white matter including axonal diameters, packing densities, myelin concentrations, and glial 
organization. These microstructural imaging methods are beginning to be applied to the study 
of  white matter development during childhood (Dean et al., 2014; Deoni et al., 2012; Yeatman 
et al., 2012a), across the human lifespan (Callaghan et al., 2014; Draganski et al., 2011; Lebel 
et al., 2012; Yeatman et al., 2014), and in old age (Bender and Raz, 2015; Bennett et al., 2010; 
Cox et al., 2016). Further efforts are being made to study the microstructural organization of 
white matter pathways in relation to their role in network communication (Collin et al., 2014; 
Mancini et al., 2017; van den Heuvel and Yeo, 2017). 
The goal of this thesis is to is to investigate patterns of white matter microstructure 
organization across the human lifespan using multimodal MRI in a sample of the general 
 
 
2 
 
population. The data provides a benchmark for healthy white matter across a large portion of 
the lifespan using multiple microstructural tissue measurements taken within the same 
cohort. Due to the quantitative nature of the measurements, an individual scanned at any 
location in the world could be compared with the normative curves outlined in this work 
(Yeatman et al., 2014). In a further clustering analysis, we reveal a set of distinct ‘lifespan 
modules’ which each evolve across the lifespan with a unique microstructural fingerprint. 
These modules align along broad functional lines and we hypothesize that certain 
neuropsychiatric disorders may be related to specific dysfunction within a module (Alexander-
Bloch et al., 2014). Future work will be needed to test these predictions in clinical populations. 
Finally, we apply a network based analysis in a subset of young adults to investigate the 
relationships between white matter microstructure and network topology (Collin et al., 2014; 
van den Heuvel and Yeo, 2017). The combination of multiple microstructural measurements 
to assess the organizational principals of human white matter provides an important step 
toward understanding the biological mechanisms linking white matter to cognition. 
1.2 A brief historical perspective on white matter 
The first person to clearly distinguish between white and grey matter tissue types in the 
brain was Andreas Vesalius in 1543 as part of his seminal work De Humani Corporis Fabrica 
(Vesalius, 1543). These results stirred much debate at the time as they challenged the long-
held ideas of Galen dating back the second century BC, who had proposed a ‘ventricular theory 
of the brain’ in which it was the ventricular reservoirs that held specialized functions and 
communicated with the body via hydraulic mechanisms (Clarke and O’Malley, 1996). The new 
observations by Vesalius stirred a greater interest in neuroanatomy among Renaissance 
scholars with Arcangelo Piccolomini describing in finer detail the contrast between the soft 
‘ashen-colored’ (grey) and a more solid white body of the brain (Piccolomini, 1586). Continued 
developments in microscopy and post-mortem tissue preparations revealed the fibrous 
structure of the brain white matter leading to the first theories of white matter as being 
composed of tubular filaments (Descartes, 1662; Steno, 1669; van Leeuwenhoek, 1719). 
Despite the progress being made in elucidating certain anatomical principals of the brain, 
the prevailing mechanistic theory of white matter was still based on hydraulic action. At the 
time this understanding seemed self-evident due to the high levels of water content in the 
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brain and existing ventricular theories of cognition (Catani et al., 2013). It took the discovery 
of ‘animal electricity’ (Galvani, 1791) and extensive investigation in the early nineteenth 
century to revolutionize our understanding of the electrical properties of the brain. New 
recording methods were introduced to study the action potential and signal conduction in 
muscles and peripheral nerves (Bernstein, 1868; Bois-Reymond, 1848; Matteucci, 1830), 
laying the foundations for modern electrophysiology. 
During the second half of the nineteenth century advanced microscopy techniques 
revolutionized the study of brain anatomy once more. For example, the introduction of the 
myelin stain by Carl Weigert and Vittorio Marchi, and the development of the serial precision 
microtome greatly improved the visualization of nerve fibers under the microscope 
(Bentivoglio and Mazzarello, 2009). Around the same time clinicians began to apply the 
clinical-anatomical correlation method to better understand the functional correlates of brain 
topology (Broca, 1861), and disorders of the nervous system began to be described in terms 
of either cortical damage or as disconnection syndromes (Déjerine and Dejerine-Klumpke, 
1895). From the culmination of these findings an idea began to emerge, that the brain should 
be considered as an interconnected whole and that a true understanding of the brain could 
only be achieved with a precise description of its connections (Déjerine and Dejerine-Klumpke, 
1895; von Bechterew, 1900). 
By the early twentieth century two important lines of inquiry had emerged. In the first, 
detailed descriptions of local micro-circuitry were being made (Cajal, 1893; Golgi, 1873). From 
these investigations Ramon y Cajal was able to establish certain fundamental laws of neuronal 
organization such as the arrangement of dendrites and axons as the inputs and outputs of 
neuronal cells. The astonishing depth of insight gained by Ramon y Cajal has formed much of 
the basis of modern neuroscience. In the second line, whole brain maps of cyto- and myelo-
architecture were being produced leading to the definition of distinct cortical regions and 
subdivisions (Brodmann, 1909; Campbell, 1905; Flechsig, 1896), as well as early descriptions 
of maturational trajectories in white matter projection tracts (Flechsig, 1896). These studies 
led to the idea of regional specialization and the continued division of brain grey and white 
matter along anatomical lines. These two branches set up separate fields of investigation at 
greatly differing micro- and macro-anatomical scales. Today, it remains an important goal in 
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human neuroscience to bridge the gap between neuroanatomical findings at multiple spatial 
scales (Park and Friston, 2013; van den Heuvel and Yeo, 2017). 
Through the mid-twentieth century a great deal of effort was made to describe 
neuroanatomical and functional correlates in the experimental animal using 
electrophysiological and histological techniques. Such approaches are exemplified by the work 
of Mountcastle and Powell (1959) in the somatosensory cortex of the monkey and the work 
of Hubel and Wiesel (1962) in the visual cortex of the cat. In such investigations single- or 
multi-cell recordings were made, axonal tracts traced using injected dyes or microlesions, and 
then the data combined with cytoarchitectural observations made in the same specimen 
under the microscope post-mortem. Key organizational principles of the brain were 
discovered including the columnar architecture of the cortex. Concurrent lesion-symptom 
mapping investigations in the monkey combined with intracortical recordings and tract tracing 
reinvigorated network based approaches to brain function (Mishkin, 1966). By the end of the 
1960s novel tract tracers had been developed which operated on the active transport of 
proteins and other elements along axonal fibers. After injection into a precisely determined 
cortical or subcortical region, the tracers were taken up by a neuron and transported to its 
axonal or dendritic terminations (Morecraft et al., 2009). Investigations utilizing these tract 
tracing developments led to a wider understanding of the pathways through the deep white 
matter, leading to concepts such as hierarchical organization, feed-back and feed-forward 
connectivity, and parallel organization (Felleman and Van Essen, 1991; Mesulam, 1998). Of 
the connectivity-based findings from the late-twentieth century, the near complete 
description of neuronal wiring in the nematode worm caenorhabditis elegans using electron 
microscopy (White et al., 1986) and the detailed description of hierarchical organization in the 
primate visual system (Felleman and Van Essen, 1991) mark milestone achievements. 
One limitation of these animal model approaches is that it remains unclear how much can 
be extrapolated to humans. Such extrapolations may work as good approximations in sensory 
and motor networks, but there is far less certainty when looking at highly evolved systems 
supporting other aspects of cognition such as executive control or language (Rilling et al., 
2008; Schoenemann et al., 2005). Furthermore, the sheer invasiveness of the described 
techniques makes it impossible to perform equivalent investigations in humans, excluding 
basic histological assessments in post-mortem samples from typically older individuals. Given 
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the limitations of direct investigations in humans it was the emergence of modern 
neuroimaging techniques that heralded a new era of human neuroscience research, leading 
to discoveries and non-invasive methods of investigation that were previously unavailable. 
1.3 Contemporary neuroimaging of white matter 
Here we provide an overview of some of the major developments in human neuroimaging 
of the white matter with emphasis on the methods employed in later sections of this thesis. 
The purpose of this section is to introduce important concepts and to put them in context. 
More detailed descriptions of key methodologies, including relevant equations, are saved for 
the material and methods sections of later chapters which have been organized into a 
manuscript form that can be read and understood in isolation if so desired by the reader. 
Structural MRI 
A fundamental change to the way in which human neuroscience was conducted came in 
the 1980s with the advent of MRI technologies. MRI soon became the method of choice for 
diagnosing a number of disorders including ischemia, for which white matter lesions appeared 
as ‘unidentified bright objects’ (Kertesz et al., 1988) before being later classified as regions of 
water accumulation in the presence of damaged myelin (Anderson et al., 2014). Early 
investigations made use of the different contrasts between grey and white matter on specially 
tailored images to assess volumetric differences between subject groups (Gur et al., 1999; 
Inder et al., 1999; Pfefferbaum et al., 1992). These techniques typically classified the brain 
images into grey, white and cerebrospinal fluid (CSF) tissue types and / or manually delineated 
regions of interest (ROIs) by hand before comparing across groups. As neuroimaging methods 
further developed, more standardized computational neuroscience tools were deployed 
which could automate much of the image preprocessing, segmentation, normalization and 
analysis procedures (Ashburner, 2009; Friston and Holmes, 1995). Of these techniques, voxel-
based morphometry (VBM) became a staple of the neuroimaging research toolbox, allowing 
statistical models of tissue volume differences to be tested at the voxel level across the whole 
brain (Ashburner et al., 1998; Good et al., 2001). 
Despite the widespread use of VBM (2000+ studies on PubMed as of Jan 2018), volumetric 
measures derived from the most widely used T1-weighted images are additionally sensitive to 
changes in contrast unrelated to volume (Lorio et al., 2014). Such non-specificity has led to a 
 
 
6 
 
number of contradictory results and made the interpretation of volumetric studies challenging 
(Walhovd et al., 2016). Given that multiple ongoing tissue processes are in action across the 
lifespan, voxel-based quantification (VBQ) was suggested as a method to adapt the well-
established VBM methodologies to quantitative-MRI (qMRI) images that provide increased 
measurement specificity to brain microstructure properties (Draganski et al., 2011). In 
addition to the increased specificity, qMRI also provides absolute measures which can be 
compared directly across sites and timepoints, allowing for more direct comparisons and 
pooling of results (Tofts, 2004). A whole host of qMRI techniques have been developed which 
now make it possible to quantitatively measure and model biological tissue properties such as 
myelin, iron and water content in the living human brain (Deoni et al., 2012; Mezer et al., 
2013; Tofts, 2004; Weiskopf et al., 2013a). 
One of these qMRI techniques termed multi-parameter mapping (MPM) makes 
quantitative measurements of the longitudinal relaxation rate (R1=1/T1), effective transverse 
relaxation rate (R2*=1/T2*), effective proton density (PD*), and the magnetization transfer 
saturation (MT) (Fig. 1.1). Detailed investigations of the biophysical basis of these 
measurements have shown that the contrasts of MT and R1 are principally driven by 
differences in local myelin content (Draganski et al., 2011; Lutti et al., 2014; Stanisz et al., 
1999), R2* to iron deposition (Fukunaga et al., 2010; Stüber et al., 2014), and PD to voxel water 
volume (Lin et al., 1997). The short acquisition times, inter-site reproducibility and specificity 
of the measurements to microstructural processes makes MPM imaging an efficient and 
reliable tool for the study of white matter organizational principles (Draganski et al., 2011; 
Weiskopf et al., 2013a). 
Figure 1.1. Structural imaging using quantitative MRI. Axial slices through MPM derived R1, PD*, MT, R2* and T1w images. 
The four MPM images provide quantitative measures of tissue microstructure properties and are inherently corrected for 
issues such as receiver coil bias. In contrast T1w images provide only a relative measure of tissue contrast which makes direct 
comparisons across sites and timepoints more challenging. Adapted from Weiskopf et al. (2013). 
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Diffusion-weighted MRI 
A major development in the study of human white mater came from the application of MRI 
based diffusion-weighted imaging (DWI) (Thomsen et al., 1987; Wesbey et al., 1984) and later 
diffusion tensor imaging (DTI) (P. Basser et al., 1994; Pierpaoli and Basser, 1996). The DTI 
model appreciates that highly organized cellular structures, such as tightly packed coherent 
axonal fibers, create an environment in which water diffusion can deviate substantially from 
isotropy. The simplest way to model the ‘anisotropic’ water diffusion measured in the brain 
was to describe the measurements using a symmetric diffusion tensor (P. Basser et al., 1994). 
In this fashion an ellipsoid tensor is used to model the orientation and extent of Gaussian 
diffusion along three principle axes (for a detailed review see Jones, 2008). By measuring local 
water diffusion properties around the highly organized cytoarchitecture of the brain, DTI 
established novel insights into the structure and orientation of white matter fiber bundles 
(Jones and Williams, 2002; Kraus et al., 2007; Pajevic and Pierpaoli, 2000).  
One of the most useful properties of DTI is that it is easy to derive summary statistics about 
the local diffusion environment. Two of the most widely used DTI measures are mean 
diffusivity (MD) which averages diffusivity along the three axes, and fractional anisotropy (FA) 
which measures the fraction of the tensor that can be associated with anisotropic diffusion, 
scaling from 0 (isotropic) to 1 (fully anisotropic). Biophysical investigations have shown that 
the diffusion signal driving MD and FA is principally governed by local interactions with cellular 
membranes (Beaulieu, 2002). The difference between the two measures is that MD is most 
sensitive to how free (unhindered) the water molecules are by their cellular environment, 
while FA principally describes the level of cellular membrane coherence in the local 
environment. These measures have been used successfully to observe white matter 
abnormalities in clinical populations (Forkel et al., 2014; Jones et al., 2006; Kraus et al., 2007; 
Stricker et al., 2009), and to describe normal developmental and aging trajectories across the 
lifespan (Barnea-Goraly et al., 2005; Lebel et al., 2012; Sexton et al., 2014; Westlye et al., 
2010b). 
Though DTI has proven very successful at measuring white matter microstructure differences 
among individuals, the last decade has seen a growing appreciation of its limitations. Firstly, 
the DTI model assumes Gaussian diffusion along all measurement directions. This assumption 
may be a good approximation in coherent white matter regions but breaks down when 
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multiple fiber populations are present, as intra-voxel crossing, fanning or bending cannot be 
adequately described by a single tensor (Jones, 2008). Indeed recent evidence suggests that 
up to 90% of white matter voxels may contain crossing fiber populations (Jeurissen et al., 
2012). Secondly, when trying to interpret the biological properties driving observed difference 
in FA it becomes extremely challenging as FA is potentially sensitive to axonal packing 
densities, fiber crossing, fiber dispersion, myelination, and cellular membrane permeability. 
This has led a number of researchers to incorrectly label FA differences as reduced ‘white 
matter integrity’ regardless of their precise biological origins (Jones et al., 2013). 
In an attempt to overcome some of the limitations of DTI a number of biophysical models have 
been proposed to more precisely model the diffusion signal (Alexander et al., 2010; Assaf and 
Basser, 2005; Panagiotaki et al., 2012; Zhang et al., 2012). In recent years the neurite 
orientation dispersion and density imaging (NODDI) model of diffusion (Zhang et al., 2012) has 
attracted particular interest within the imaging community due to its increased specificity over 
DTI measures and the clinically feasible scan times required for the acquisition (Chang et al., 
2015; Colgan et al., 2016; Cox et al., 2016; Kodiweera et al., 2016; Kunz et al., 2014). The 
NODDI model characterizes white matter by modelling three distinct tissue compartments: a 
restricted component within a set of dispersed axons; an extracellular component of hindered 
diffusion; and an isotropic component to compensate for CSF partial volume effects. The 
model estimates maps for the intracellular volume fraction (ICVF), orientation dispersion 
index (ODI) and CSF volume fraction, and these measures have been shown to be highly 
sensitive to the effects of age related tissue change (Cox et al., 2016). 
Diffusion tractography 
In addition to the application of diffusion imaging for microstructural assessments of the brain, 
early efforts utilizing DTI realized that the principle direction of diffusion could be used to 
model the trajectories of major white matter fiber bundles by piecing together discrete (voxel-
based) estimates of local fiber orientations (Conturo et al., 1999; Jones et al., 1999). The 
connection estimates made in this manner are often referred to as ‘streamlines’. Diffusion 
tractography based techniques could now, for the first time, non-invasively map the major 
fiber bundles of the brain, revealing tracts that had previously only been described in animal 
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models or from the use of time consuming preparations in post-mortem tissue (Fig. 1.2 ; 
Catani et al., 2002; Déjerine and Dejerine-Klumpke, 1895; Ludwig and Klingler, 1956). We will 
use the terms fiber bundle, fascicle and tract interchangeably to describe the major white 
matter pathways of the brain. 
The use of diffusion tractography has become a crucial tool for both the discovery of 
previously undescribed white matter organization within the human brain (Behrens et al., 
2003; Thiebaut de Schotten et al., 2011) and, by sampling tissue microstructure 
measurements along a pathway, the assessment of disease states and lifespan changes within 
the white matter (Forkel et al., 2014; Jones et al., 2006; Kanaan et al., 2006; Lebel et al., 2012; 
Yeatman et al., 2014). Over time more advanced techniques, known as high-angular resolution 
diffusion imaging (HARDI), have been developed to overcome some of the limitations of DTI’s 
Gaussian assumptions by modeling multiple fiber populations within a voxel, facilitating the 
delineation of crossing fiber bundles in the brain (Dell’acqua et al., 2010; Descoteaux et al., 
2007; Tournier, 2010; Tournier et al., 2007; Wedeen et al., 2005). 
Connectomics 
One of the most recent developments in the study of human white matter stems from a desire 
to map, across multiple scales, a full description of human brain wiring - the human 
connectome (Sporns et al., 2005). Connectomic approaches to the brain make use of well-
developed theories from the field of graph theory to describe network properties at global 
(whole-brain) and regional (local) levels of organization (Rubinov and Sporns, 2010). At the 
macroscopic level, diffusion tractography represents the only available tool to non-invasively 
map the trajectories of white matter pathways within the living human brain. 
Figure 1.2. Dissections of perisylvian language pathways. a) Dejerine’s (1895) and b) Klinger’s (1956) post-mortem dissections 
of the arcuate fasciculus. c) A virtual in-vivo dissection of the arcuate fasciculus using DTI tractography. Images adapted from 
a) Déjerine and Dejerine-Klumpke (1895), b) Ludwig and Klingler (1956), and c) Catani et al. (2002). 
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Hagmann et al. (2008) were the first to develop an analysis framework for modeling the 
human brain as a network composed of cortical regions (nodes) interconnected by 
tractography derived streamlines (edges) (Fig. 1.3a-c). The inter-regional connections of the 
brain are then summarized and described as a graph (connectivity matrix) which is amenable 
to the tools of graph theory (Fig. 1.3d), allowing the estimation of network properties such as 
network efficiency, modularity and centrality (Rubinov and Sporns, 2010). The findings of 
these authors and others have shown that a number of highly connected regions, densely 
situated along the midline of the brain, occupy a central place in the brain’s overall 
architecture and network topology (Bassett et al., 2008; Bullmore and Sporns, 2009; Hagmann 
et al., 2008). These ‘hubs’ have been of particular interest from a network perspective, as 
central regions in a network are known to be particularly important for integration across 
segregated systems and for the efficient communication of information. In addition to being 
densely connected to the network, a number of key brain regions have been shown to be 
‘richly’ inter-connected with each other, the so called ‘rich club’ of the brain (van den Heuvel 
et al., 2012; van den Heuvel and Sporns, 2011). These findings are suggestive of a densely and 
widely connected anatomical subnetwork in mammalian brains which is responsible for 
attracting and integrating information. 
Further to the study of network topology, it is becoming increasingly clear that additional 
factors of brain organization will be required to understand how network organization 
Figure 1.3. An illustration of the different steps of a typical structural brain network reconstruction. a) Diffusion 
tractography is performed across the white matter (whole-brain) and b) matched with an anatomical parcellation of the 
grey matter estimated on a high resolution anatomical image. c) The terminal end-points of the tractography streamlines 
are mapped to their nearest brain region (node, orange circles) to define the set of network connections (edges, green 
lines). d) Structural brain network can be described by a connectivity matrix, whereby each region-by-region connection 
is represented as an element of the matrix, and the values define either the total number of connecting streamlines 
(weighted graph) or a binary indication of a connection’s presence (binarized graph). Adapted from van den Heuvel and 
Sporns (2011). 
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supports and facilitates complex behavior in humans (Fields et al., 2015; Scholtens et al., 
2014). Preliminary investigations have begun to investigate the microstructural investment of 
brain regions (both grey and white matter) as related to their location in the network (Collin 
et al., 2014; Mancini et al., 2017; Scholtens et al., 2014), however the degree to which the 
brain’s developmental processes invest additional resources in the most crucial 
communicative pathways remains unclear (Bullmore and Sporns, 2012). 
1.4 White matter changes over the lifespan 
Evidence from animal models 
Invasive studies in animal models and those using post-mortem histology provide an 
important backdrop from which to interpret neuroimaging results of tissue changes across the 
human lifespan. Beginning just before birth and continuing throughout childhood and young 
adulthood axons increase in caliber and oligodendrocytes wrap these axons in myelin (Emery, 
2010). Despite a large number of underused axons being pruned during development to free 
space for more established axons (LaMantia and Rakic, 1994, 1990), interstitial space is 
reduced as the outer diameters of the axons increase with each additional layer of myelin 
leading to a higher tissue density in the white matter (Dobbing and Sands, 1973).  
Myelination processes are determined by a combination of intrinsic genetic and extrinsic 
environmental factors (Barres and Raff, 1993; Douglas Fields, 2015; Emery, 2010). The precise 
levels of myelination are influenced by the electrical activity of axons, meaning that 
myelination levels are changed by experience (Barres and Raff, 1993; Douglas Fields, 2015; 
Ishibashi et al., 2006). There is further evidence to suggest that axonal calibers may be 
influenced by experience, increasing in size in response to electrical activity (Fancy et al., 2011; 
Voyvodic, 1989). Levels of myelination and axonal calibers play a pivotal role in network 
communication, controlling conduction velocities and the signaling properties emitted by a 
pathway (Caminiti et al., 2009; Perge et al., 2009, 2012). 
During young adulthood through middle age the white matter experiences a period of relative 
stability where degraded myelin is continually replaced with remyelinated sheaths (Fancy et 
al., 2011) before rapid changes to the white matter begin to occur in later life. Although it has 
been shown that the number of cortical neurons remains fairly constant with age, there is 
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extensive axonal loss and degeneration within the white matter (Peters, 2002). Axonal packing 
densities in the optic nerve have been observed to reduce by 40% in old as compared to 
mature monkeys (Sandell and Peters, 2001). The degeneration of axonal fibers is accompanied 
by a loss of their myelin sheaths, with large increases in the number of astrocyte and microglia 
cell populations in aging fascicles each containing substantial amounts of phagocytosed 
myelin (Peters and Sethares, 2003). In addition to the loss of myelin, new oligodendrocytes 
develop from progenitor cells and fanning astrocyte processes expand to fill the spaces left by 
the degenerating tissue (Sandell and Peters, 2002). 
Postmortem lifespan studies in the human brain are more challenging due to the difficulty in 
obtaining samples from healthy individuals across the entire lifespan; rather, most available 
samples are taken from elderly individuals or patients who were unwell before death. Despite 
the challenges of conducting postmortem lifespan studies, a variety of structural brain 
changes have been reported including for overall brain weight (Dekaban and Sadowsky, 1978), 
myelination (Benes et al., 1994; Yakovlev and Lecours, 1967), and synaptic density 
(Huttenlocher, 1979; Huttenlocher and de Courten, 1987). 
Neuroimaging results 
Early investigations of lifespan brain changes in humans using MRI typically tested 
differences in white matter volume with age. White matter volumes are seen to undergo 
‘inverted U-shaped’ trajectories, increasing in volume during childhood and adolescence, 
attaining a peak value at around the fourth decade, before declining in volume in later life 
(Good et al., 2001; Lebel et al., 2012; Walhovd et al., 2011; Westlye et al., 2010b) (Fig. 1.4a). 
DTI based studies report robust increased in FA and decreases in MD during development 
across the majority of the brains major tracts (Barnea-Goraly et al., 2005; Eluvathingal et al., 
2007; Lebel et al., 2008; Schmithorst et al., 2002). In later life DTI results demonstrate 
opposing trends, with decreases in FA and increases in MD during old age (Abe et al., 2002; 
Ota et al., 2006; Pfefferbaum et al., 2000). Fewer studies have explicitly assessed DTI changes 
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across the full lifespan, though these studies demonstrate clear nonlinear aging trends in the 
white matter (Lebel et al., 2012; Westlye et al., 2010b; Yeatman et al., 2014) (Fig. 1.4b). 
White matter is made up of many different tissue types including axons, myelin, 
astrocytes, oligodendrocytes and microglia, and each of these cell types might change over 
the typical lifetime according to its own unique time course (Wandell and Yeatman, 2013; 
Yeatman et al., 2014). Such observations have motivated recent studies to apply multiple 
tissue measurements within the same aging cohort to provide complimentary evidence of the 
multiple ongoing and concurrent tissue processes (Cox et al., 2016; Yeatman et al., 2014). In a 
large aging cohort of 3,513 subjects aged 44-77 years, Cox et al. (2016) combined DTI and 
NODDI measures of tissue microstructure to investigate (nonlinear) aging effects of the major 
fascicles of the brain. The authors found that MD was the most sensitive measure to aging 
effects with the largest changes observed in thalamic radiation and association fiber bundles. 
In contrast, the pathways supporting motor and visual functions were relatively stable in old 
age. 
In a separate study Yeatman et al. (2014) also combined multiple tissue measurements, 
this time combining DTI and quantitative R1 in a lifespan cohort of 102 individuals aged 7-85 
years. In their analysis they focused on a comparison of MD and R1, using the later as an index 
for myelination. They found substantial differences in the amount of observed tissue change 
across white matter fascicles. Interestingly MD and R1 were also seen to follow different aging 
trends with R1 being well described by a symmetric (quadratic) aging curve and MD being 
better represented by an asymmetric Poisson curve (Fig. 1.4c-d). The authors interpret these 
Figure 1.4. Lifespan trajectories for a) deep white matter volume, b) MD measures in the fibers of the corpus callosum 
midbody, and c) R1 measured in the fibers of the motor callosum. d) MD and R1 follow significantly different lifespan 
trends suggestive of their sensitivity to separate tissue processes. Adapted from a) Westlye et al. (2010), b) Lebel et al. 
(2012), c) & d) Yeatman et al. (2014). 
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findings as evidence for multiple biological processes driving changes in white matter tissue 
properties over the lifespan. 
1.5 Thesis outline 
In the following chapters three research projects are outlined in full manuscript form. Here 
I will provide a summary of the projects and their principle contributions. 
Evolution of white matter tract microstructure across the lifespan 
Age associations are assessed in 20 major white matter tracts of the brain in a large 
lifespan cohort of 801 individuals aged 7 to 84 years. The combination of multiple qMRI 
measures provides an extensive characterization of lifespan tissue change, contributing to a 
greater understanding of myelination and white matter organization principles from 
adolescence through old-age. Peak ages of maturation are reported across tracts and 
microstructure measurements, with peaks typically observed between the mid-twenties and 
mid-fifties, though we report substantial spatial heterogeneity and heterochronicity. A 
correlational analysis of maturational timings versus quadratic aging effects provides 
supportive evidence for the last-in-first-out retrogenesis hypothesis of aging, suggesting a 
relationship between maturational timing and rates of decline in old-age. 
Lifespan brain tissue changes reveal a modular architecture of human white matter 
We describe human brain connections as a graph using the connectome framework 
outlined in Fig. 1.3. Tissue microstructure measurements were sampled along the edges of the 
network and these edges modeled for aging effects across individuals. After summarizing key 
maturational and senescence parameters for each edge and measurement, a clustering 
algorithm was used to group edges into modules (clusters) of coherent multivariate tissue 
change. A five-module solution occupied a local maximum in the mean model responsibility 
and divided the brain’s white matter into distinct functional-anatomical subsystems. We 
relate the findings to previous work investigating genetic gradients in the brain, 
neurodevelopmental modules in the cortex, and the possible link to brain disorders. 
Hierarchical modularity and microstructural enrichment of the brain’s integrative architectures 
Based on their interconnectivity profiles, cortical regions subdivided into 12 modules 
which further grouped into 4 and then 2 larger modules at progressively higher levels of 
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network hierarchy. The use of an information-based measure found the modular architecture 
to be highly similar in a replication dataset, both in terms of module-by-module and full 
modular organization comparisons. Depending upon the characteristic topological role that a 
pathway plays in the network, distinct microstructural fingerprints exist, suggesting that the 
most integrative pathways of the brain exhibit higher wiring costs, elevated levels of 
myelination and increased white matter organization. We compare our results to previous 
studies that have linked topological measures to tissue microstructure as well as exploring 
how our findings align with current understanding of the brain’s network hub architectures. 
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2. Evolution of white matter tract microstructure across the lifespan 
2.1 Introduction 
In-depth understanding of brain changes across the lifespan is required to link 
maturational processes during childhood to degenerative processes of old age and to provide 
an informed basis from which to study patterns of divergence in brain disorders. Lifespan 
studies of the postmortem human brain have demonstrated structural changes to total brain 
volume (Dekaban and Sadowsky, 1978), myelination (Benes et al., 1994; Yakovlev and Lecours, 
1967) and synaptic density (Huttenlocher, 1979; Huttenlocher and de Courten, 1987). 
Neuroimaging studies report changes to regional brain volumes (Bartzokis et al., 2001; Good 
et al., 2001; Walhovd et al., 2011), cortical thickness (Sowell ER et al., 2003; Storsve et al., 
2014; Westlye et al., 2010a), microstructural organization (Cox et al., 2016; Kochunov et al., 
2012; Lebel et al., 2012; Westlye et al., 2010b; Yeatman et al., 2014) and myelination 
(Callaghan et al., 2014; Grydeland et al., 2013; Li et al., 2014; Yeatman et al., 2014) across 
much of the lifespan. These studies typically describe rapid changes to brain organization 
during childhood and adolescence, followed by a slowing of developmental processes in young 
adulthood, before achieving a maturational peak, reversing in trend, and declining in later 
adulthood and old age. 
Findings in recent years have made it apparent that the white matter (WM) plays a critical 
role in cognitive development, normal cognition and cognitive decline in old age (Ameis and 
Catani, 2015; Bells et al., 2017; Filley and Fields, 2016). Most of the studies investigating age 
related changes in human white matter have used diffusion tensor imaging (DTI; Basser et al., 
1994). These investigations report robust increases in fractional anisotropy (FA) and decreases 
in mean diffusivity (MD) during childhood and adolescence (Barnea-Goraly et al., 2005; 
Eluvathingal et al., 2007; Schmithorst et al., 2002), and reverse trends in old age (Abe et al., 
2002; Cox et al., 2016; Ota et al., 2006; Pfefferbaum et al., 2000). A number of recent studies 
have extended investigations to cover most of the lifespan, revealing the full extent of 
nonlinear ‘U-shaped’ and ‘inverted U-shaped’ lifespan trajectories within the major WM 
tracts, typically reaching peak maturation between the early twenties and mid-forties 
(Kochunov et al., 2012; Lebel et al., 2012; Westlye et al., 2010b; Yeatman et al., 2014). 
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One potential confound of the DTI analyses relates to the inherent non-specificity of the 
measurement. Observed changes in FA may be due to changes in any combination of axonal 
dispersion, fiber crossing, myelination or axonal densities (Beaulieu, 2002; Jones et al., 2013). 
In an attempt to provide more easily interpreted and specific microstructural measures, the 
neurite orientation dispersion and density imaging (NODDI) biophysical model of diffusion has 
been proposed (Zhang et al., 2012). The NODDI model aims to disentangle the effects of fiber 
dispersion and axonal packing into two independent and clinically relevant measures, the 
intracellular volume fraction (ICVF) and the orientation dispersion index (ODI).  The few 
studies that have investigated aging effects using NODDI point towards increased sensitivity 
to aging differences as compared to DTI, increased fiber dispersion with age and increased 
axonal packing during adolescence and young adulthood (Billiet et al., 2015; Chang et al., 
2015; Kodiweera et al., 2016). The investigation of nonlinear lifespan trajectories was 
precluded in these studies due to the relatively small sample sizes (47-66 participants) and the 
inclusion of few subjects over the age of 55 years. One recent study investigated aging effects 
in later life (45-77 years) using the NODDI model in a large cohort of over 3000 individuals (Cox 
et al., 2016). The findings from this work suggest that axonal packing decreases in old age and 
that, for most tracts, a nonlinear model better approximates data. 
Beyond the microstructural measures provided by diffusion weighted imaging (DWI), the 
development of non-invasive MR biomarkers for myelin has facilitated early investigations 
into myelin development and decline across the lifespan. One such methodology, multi-
parameter mapping (MPM; Weiskopf et al., 2013), provides estimates for the magnetization 
transfer (MT) and relaxation rates R1 and R2*, each providing a level of sensitivity to local 
myelination and/or iron deposition (Draganski et al., 2011; Fukunaga et al., 2010; Lutti et al., 
2014; Stüber et al., 2014). Preliminary findings suggest significant demyelination in human 
WM with age (Callaghan et al., 2014; Draganski et al., 2011), particularly in later life after 
myelination has matured to a peak density before reversing in trend and declining with age 
(Li et al., 2014; Yeatman et al., 2014). Progressive myelin loss may be caused by defective 
cholesterol clearance mechanisms which lead to an imbalance between de-myelination and 
re-myelination processes in the brain (Cantuti-Castelvetri et al., 2018).Early evidence suggests 
that the age at which myelination peaks across different WM tracts varies from the late-
twenties to mid-forties (Yeatman et al., 2014), though the precise timing of the peaks may 
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depend upon a measurement’s specificity to myelin (Li et al., 2014). As an extension to myelin 
imaging, recent work has proposed a method for non-invasively estimating the g-ratio (Stikov 
et al., 2015), a fundamental property of axonal organization and conduction that describes 
the proportion of myelin investment in relation to an axon’s caliber. Preliminary investigations 
of g-ratio change across the lifespan in small imaging cohorts (n = 38-92) have reported linear 
increases with age in the deep WM (Cercignani et al., 2016), with little age related change 
observed across the mid-sagittal portion of the corpus callosum (Berman et al., 2017). 
Of the previous studies investigating microstructural changes over the lifespan, 
investigations typically fall into either region-of-interest or diffusion tractography based 
studies. Although a tractography based approach offers robust estimates of microstructural 
tissue properties across an entire tract, does not require spatial registration to standardized 
space, and has been shown to be more reliable than a region-of-interest analysis (Kanaan et 
al., 2006), the time investment required to accurately dissect the major pathways using 
manual methods (Catani et al., 2002) has made tractography analyses challenging, particularly 
in large cohorts. To overcome this obstacle, automated fiber-tract quantification (AFQ) 
methodologies have been developed (Yeatman et al., 2012b) and successfully applied to the 
study of tissue microstructure across the lifespan (Yeatman et al., 2014). The aging models 
used in previous studies have generally taken the form of linear, quadratic or Poisson curve 
models, each model offering a different level of flexibility and parameterization. Quadratic 
models tend to fit certain measures of myelination well but enforce a symmetry between 
developmental and degenerative processes (Yeatman et al., 2014). A Poisson curve can 
similarly model nonlinear aging effects but is capable of modelling asymmetric trajectories, 
albeit with certain constraints on the curve’s form, and has been shown to approximate well 
to lifespan trajectories of MD (Lebel et al., 2012). 
In this study, we combine DTI tractography with DWI and MPM tissue microstructure 
characterization to provide a detailed assessment of multi-parametric tissue changes over the 
lifespan (7-84 years) in a large cohort of healthy individuals (n=801). Cross-validation was used 
to select appropriate aging models for each of the quantitative microstructure measurements 
and robust curve fitting approaches applied to estimate ages of peak maturation within a 
tract. Finally, age, sex and hemisphere associations were investigated using multiple linear 
regression. 
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2.2 Materials and methods 
Subjects 
801 healthy volunteers (410 females) were recruited from the Lausanne regional area of 
Switzerland based on fliers, university newsletters and, for the majority of subjects (N=624), 
their ongoing participation in the CoLaus | PsyCoLaus cohort (Preisig et al., 2009). Study 
approval was granted by the local ethics committee and informed consent was collected for 
all subjects and/or a parent/guardian. Subjects were aged between 7 and 84 years (mean age 
50 ± 17 years) and distributed as follows: 106 subjects aged 7-24 years; 108 subjects aged 25-
39 years; 245 subjects aged 40-54 years; 242 subjects aged 55-69 years; and 100 subjects aged 
70-84 years. Subjects had no self-reported history of neurological of psychiatric disease and 
were screened carefully for brain abnormalities and movement artefacts. Handedness is 
sometimes reported in WM microstructure studies under the assumption that this plays a role 
in tract development. A recent study on a large cohort of over 3000 individuals found no 
substantive differences in tract characteristics between right- and left-handed subjects (Cox 
et al., 2016) and we therefore chose not to assess handedness as part of our investigation. 
MR data acquisition 
All imaging was performed on a 3T whole-body MRI system (Magnetom Prisma, Siemens 
Medical Systems, Germany) using a 64-channel RF receive head coil and body coil for 
transmission. 
Multi-parametric mapping (MPM) 
The qMRI protocol consisted of three whole-brain multi-echo 3D fast low angle shot 
(FLASH) acquisitions with predominantly magnetization transfer-weighted (MTw: TR/α = 
24.5ms/6°), proton density-weighted (PDw: TR/α = 24.5ms/6°) and T1-weighted (T1w: 
24.5ms/21°) contrast (Helms et al., 2009, 2008; Weiskopf et al., 2013b). The MT-weighted 
contrast was obtained using a Gaussian-shaped radio frequency (RF) pulse prior to the RF 
excitation (4ms duration, 220° nominal flip angle, 2 kHz frequency offset from water 
resonance). Multiple gradient echoes were acquired for each contrast with alternating 
readout polarity. The minimal echo time was 2.34ms and the echo spacing was 2.34ms. The 
number of echoes was 6/8/8 for the MTw/PDw/T1w acquisitions to keep the TR value identical 
 
 
20 
 
for all contrasts. The image resolution was 1 mm3 isotropic, the field of view and the matrix 
size were 256 × 240 × 176 mm. Parallel imaging was used along the phase-encoding direction 
(acceleration factor 2 with GRAPPA reconstruction) (Griswold et al., 2002), partial Fourier 
(factor 6/8) was used along the partition direction. Data were acquired to calculate maps of 
the RF transmit field B1+ using the 3D echo-planar imaging (EPI) spin-echo (SE) and stimulated 
echo (STE) method described in (Lutti et al., 2012, 2010). The image resolution of the B1-
mapping data was 4mm3, and the echo and repetition times were set to 39.06ms and 500ms 
respectively. The nominal flip angle of the SE pulse was decreased from 230o to 130o in steps 
of 10o (Lutti et al., 2012, 2010). B0-field mapping data was acquired using a 2D double-echo 
FLASH sequence to correct for geometric distortions in the 3D EPI data (Lutti et al., 2012, 
2010). The total acquisition time was 27 min. 
 A subset of participants (N=84, 7-75 yrs) underwent an equivalent 1.5 mm3 MPM 
protocol. The acquisition parameters for this protocol differed for the following parameters: 
field of view = 240 × 225 × 180 mm, matrix size = 160 × 150 × 120. The total acquisition time 
was 13 min. Image resolution was included as a regressor in all curve fitting and statistical 
models. 
Diffusion weighted imaging (DWI) 
The diffusion weighted MRI data were acquired using a 2D echo-planar imaging sequence 
with the following parameters: TR/TE = 7420/69ms, parallel GRAPPA acceleration factor = 2, 
FOV = 192 x 212 mm2, matrix size = 96 x 106, 70 axial slices, 2 mm isotropic voxel dimension, 
118 isotropically distributed diffusion sensitization directions (15 at b = 650 s/mm2, 30 at b = 
1000 s/mm2 and 60 at b = 2000 s/mm2) and 13 b=0 images interleaved throughout the 
acquisition. The lower resolution acquisition used for a subset of participants (N=84, 7-75 yrs) 
was acquired using the same 118 direction sampling scheme and the following imaging 
parameters: TR/TE = 3906/88 ms, parallel GRAPPA acceleration factor = 0, FOV = 192 x 209 
mm2, matrix size = 96 x 106, 60 axial slices, 2.2 mm isotropic voxel dimension, multi-band 
factor = 2. 
 
 
 
 
21 
 
MR data preprocessing 
Structural data 
The R2*, MT and R1 quantitative maps were calculated as previously described (Draganski 
et al., 2011) using in-house software running under SPM12 (Wellcome Trust Centre for 
Neuroimaging, UCL -London, UK; www.fil.ion.ucl.ac.uk/spm) and Matlab (Mathworks, 
Sherborn, MA, USA). The R2* maps were calculated from the regression of the log-signal of 
the eight PD-weighted echoes. The MT and R1 maps were computed as described in (Helms 
et al., 2008), using the MTw, PDw and T1w images averaged across all echoes. The R1 maps 
were corrected for local RF transmit field inhomogeneities using the B1+ maps computed from 
the 3D EPI data (Helms et al., 2008) and for imperfect RF spoiling using the approach described 
by (Preibisch and Deichmann, 2009). 
Diffusion preprocessing 
DWIs were preprocessed to correct for eddy currents and subject motion using the FSL 
EDDY tool (Andersson and Sotiropoulos, 2016) and the gradient directions were appropriately 
rotated to correct for subject movement (Leemans and Jones, 2009). The B0 maps acquired 
as part of the structural imaging session were used to correct for EPI susceptibility distortions 
with the SPM field mapping toolbox (Hutton et al., 2002). The DWI images were then rigid 
body aligned to the MT image with the aid of the mean b=0 image using SPM12.  
Diffusion tensor imaging (DTI) maps were estimated on the b=0 s/mm2, b=650 s/mm2, and 
b=1000 s/mm2 data using a constrained non-linear least-squares (CNLLS) algorithm (Koay et 
al., 2006). The neurite orientation dispersion and density imaging (NODDI; Zhang et al., 2012) 
maps were processed with the AMICO toolbox (Daducci et al., 2014) using multi-shell diffusion 
data across all of the acquired b-values. For each subject, we thus generated DTI tissue 
microstructure maps for fractional anisotropy (FA) and mean diffusivity (MD), in addition to 
NODDI maps for intracellular volume fraction (ICVF) and orientation dispersion index (ODI). 
G-ratio estimation 
The g-ratio is defined as the ratio between the inner axonal radius and the myelinated 
fiber radius and represents a fundamental property of axonal morphology and conduction 
(Waxman, 1975). Here we apply a recently developed technique (Campbell et al., 2012; 
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Mohammadi et al., 2015; Stikov et al., 2015) which estimates the g-ratio using a combination 
of non-invasive diffusion microstructure and myelin imaging measures. The g-ratio, g, was 
estimated voxel-wise via the following equation: 
 
  
1 1
1 1
1 1 iso ic
g
MVF MT
AVF MT

  
 
 
 
  
where MVF is the myelin volume fraction, AVF is the axonal volume fraction, MT is the 
quantitative magnetization transfer measurement, and iso / ic  are respectively the isotropic 
(ISO) and intracellular (ICVF) volume fraction estimates from the NODDI diffusion model. We 
estimated the normalization factor,  , by following the previous literature (Cercignani et al., 
2016; Mancini et al., 2017; Mohammadi et al., 2015). An ROI was selected in the splenium of 
11 subjects (mean age 26.5±1.41 years) and a value of 0.23  chosen as the median 
normalization factor required to constrain the splenium g-ratio to a value of 0.7 across 
subjects, mirroring reported g-ratio values made in the splenium using electron microscopy 
(Graf von Keyserlingk and Schramm, 1984). 
Tractography and microstructure sampling  
The AFQ software package (Yeatman et al., 2012b) was used to estimate average tissue 
microstructural properties across 20 bilateral and callosal tracts (Fig. 2.1). The subset of DWI 
data used to calculate the DTI maps was provided to the software and used to generate a 
whole brain tractogram using default settings (step size = 1mm; FA threshold = 0.2; angle 
threshold = 30°). More advanced HARDI tractography procedures were tested but determined 
to provide little benefit to tract identification while introducing additional instabilities in 
certain subjects. A detailed optimization of the AFQ software package to work with HARDI 
tractography data was deemed to be beyond the scope of the present study. 
Given the whole-brain tractogram, AFQ first segments each tract using an ROI inclusion 
approach before cleaning spurious streamlines which are considered outliers in terms of their 
length and/or distance from the tract core. After the segmentation and cleaning procedures, 
the accepted streamlines were used to sample each of the previously computed tissue 
microstructure maps (MT, R1, R2*, g-ratio, FA, MD, ICVF & ODI) and averaged along the tract 
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length to provide mean tissue microstructure estimates for each of the tracts and metrics. Full 
details of the AFQ segmentation, cleaning and sampling procedures can be found in the 
original research article (Yeatman et al., 2012b). 
Curve fitting 
We considered three possible aging trajectory models (linear, quadratic & Poisson curve), 
each of which has been identified as a suitable description of tract evolution across the 
lifespan for a particular microstructure measurement (Bartzokis et al., 2012; Cox et al., 2016; 
Kochunov et al., 2012; Lebel et al., 2012; Yeatman et al., 2014). The linear model describes the 
relationship between age and tract microstructure according to the following equation: 
1 2 *Y Age    
where Y is a tract microstructure measurement (e.g. for MT) while 1  and 2  
parameterize the intercept and slope respectively. The quadratic curve extends the linear 
model via the following equation: 
2
1 2 3* *Y Age Age      
where 3  parameterizes a nonlinear quadratic aging term. The Poison curve model is 
capable of modelling asymmetric nonlinear aging trajectories as described by the following 
equation: 
Figure 2.1. Major white matter tracts of interest. Tracts dissected using an automated fiber identification procedure on 
whole brain tractograms. Tracts are rendered in left-lateral, superior and right-lateral views. 
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3*
1 2 * *exp
Age
Y Age
     
 Linear and quadratic models were evaluated using a GLM which included additional 
regressors for sex, resolution, hemisphere and sex-age interactions. The Poisson curve was 
estimated using a nonlinear optimization in Matlab after the regression of covariates. Model 
selection was performed for each microstructure metric using repeated 5-fold cross-
validation. For each tract, a total of 104 repetitions were performed, each time using a 
randomized division of subjects into folds. The winning model was selected as the model 
which minimized mean cross-validated error across fold, repetitions and tracts. Bootstrapping 
with replacement was repeated 1000 times using the winning model to estimate the age at 
which tract microstructure measurements peaked. Peak age was estimated for the quadratic 
and Poisson curve models as the age at which the measurement first derivative with respect 
to age equaled zero (the global minima/maxima). The mean of the bootstrapped sampling 
distribution was taken as the peak age estimate and standard errors were calculated as the 
standard deviation of the bootstrapped sampling distribution. 
Age, sex and hemisphere associations 
GLMs were run to test for the association of age, sex, hemisphere, image resolution and 
their interactions for each tract and metric. Two GLMs were considered, one which included 
only first-order aging terms: 
Age+Sex+Resolution+Hemisphere+Age×Sex+Age×Resolution+Age×Hemisphere  
and a second GLM which included a second-order aging term: 
2Age+Age +Sex+Resolution+Hemisphere+Age×Sex+Age×Resolution+Age×Hemisphere  
The Akaike information criterion (AIC) was used to assess which of the two GLMs was best 
supported by a tract’s lifespan microstructure trajectory. 
Retrogenesis of white matter tracts 
Theories within the aging literature have suggested that lifespan tissue processes may 
obey a retrogenic sequence ordering, which can be broadly broken down into “gain-predicts-
loss” and “last-in-first-out” hypotheses of aging (Raz, 2000; Reisberg et al., 2002; Yeatman et 
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al., 2014). The gain-predicts-loss hypothesis predicts that the rate of tissue change during 
development equals the rate of decline during old age. Equivalently knowledge of a tissue 
state in late-childhood should predict the tissue state at a symmetric age post-peak. We 
investigated this hypothesis by assessing whether a simple quadratic aging model (symmetric) 
was a more appropriate description of microstructure evolution over the human lifespan than 
either linear or Poisson curve models (asymmetric). 
The last-in-first-out hypothesis predicts that structures which develop slower 
ontogenetically will also be the most vulnerable to age related decline. Previous assessments 
of this theory have formulated the problem in different fashions (Davis et al., 2009; Douaud 
et al., 2014; Yeatman et al., 2014), often using qualitative assessments (Brickman et al., 2012; 
Gao et al., 2011; Madden et al., 2012; Stricker et al., 2009). Here we formulate the problem in 
terms of age of maturity predicting the extent of quadratic tissue change over the lifespan. 
First, each tissue measurement of a tract was normalized by the mean across subjects to 
determine the percentage deviations from the sample mean. Second, a GLM containing 
regressors for age, sex, hemisphere, resolution and their interactions (see the second-order 
aging model in Age, sex and hemisphere associations) was evaluated for each tract and metric 
to estimate quadratic aging terms. Finally, Pearson’s correlations were made between the 
bootstrapped peak age estimates and quadratic aging effects to quantitatively test the 
prediction that age of maturity predicts percentage tissue variation across the major white 
matter fiber bundles. This approach to formulating the last-in-first-out hypothesis assesses 
the relationship between two fundamental lifespan curve parameters and, by the nature of 
the quadratic term, tests the prediction that late maturation is associated with an accelerated 
rate of decline post-peak and a greater absolute level of microstructural change from 
adolescence to old age. 
2.3 Results 
Lifespan changes within WM tracts 
Each of the white matter tracts followed similar general lifespan trajectories. MT, R1, g-
ratio, FA, ICVF and ODI measurements most accurately followed a quadratic aging model, 
while R2* and MD trajectories were better fit using a Poisson curve. MT, R1 and ICVF increased 
from adolescence into adulthood before reaching a peak and declining into old age at a rate 
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symmetric to that observed before the peak; R2* increased into adulthood before reaching a 
peak value and then declining at a slower rate; MD trends were opposite to R2*, 
characteristically decreasing initially, achieving a minimum, and then increasing at a slower 
rate; FA and ODI typically increased during development before declining with senescence, 
though certain tracts exhibited very little quadratic change or inverted trajectories across the 
lifespan; the g-ratio showed a period of relative stability from adolescence into the third 
decade before increasing with further age. The estimates for age of peak MT, R1, R2*, g-ratio, 
MD and ICVF were robust and had standard errors of 0-6 years (mean error ±3.2 years; Fig. 
2.2). For FA and ODI the estimates for peak age were less reliable with average standard errors 
of 13.2 and 10.6 years respectively. The reliability of peak age estimates relates to the extent 
of nonlinear (quadratic) aging effects within a tract and this, as well as the precise timing of 
peak maturation, can vary substantially from tract to tract. The percentage change of a tissue 
Figure 2.2. The relative timings of tract microstructure peaks for MT, R1, R2*, g-ratio, FA, MD, ICVF and ODI. The mean 
bootstrapped age of peak microstructural development is shown for each tract (circle) along with the bootstrapped 
standard error (bars). The age scale is consistent across all measurement types. CingC: cingulum-cingulate; CingH: 
cingulum-hippocampus; IFOF: inferior fronto-occipital fasciculus; ILF: inferior longitudinal fasciculus; SLF: superior 
longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus; TR: thalamic radiations; CST: corticospinal tract; 
CC. Major: corpus callosum forceps-major; CC. Minor: corpus callosum forceps-minor. 
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measurement from age 15 years to the peak age as well as the percentage change from peak 
age to age 75 years are provided in Supplementary Table 2.1. These values provide an 
overview of the absolute tissue measurement change observed during maturation and 
decline. 
Limbic tracts 
Lifespan trajectory scatter plots for the cingulum-cingulate and cingulum-hippocampus 
tracts are shown in the first two rows of Fig. 2.3 and Fig. 2.4. The peak ages of the cingulum-
cingulate were intermediate relative to the other tracts (Fig. 2.2). In contract, the cingulum-
hippocampus displayed exceptionally late maturation for MT, R1, R2*, g-ratio and MD. 
Increases in MT, R1 and R2* during maturation were moderate for the cingulum-cingulate (MT 
/ R1 / R2*, 3.1% / 3.5% / 7.2%) but large for the cingulum-hippocampus (7.2% / 6.5% / 12.2%). 
Decreases during senescence were generally moderate for both tracts although the cingulum-
hippocampus showed a particularly small decline in R2* (1.9%).  The ODI developmental 
estimates in the cingulum-hippocampus tract approximated a linearly increasing slope. The 
peak age and maturation estimates for ODI in the cingulum-hippocampus tract should 
therefore be interpreted with caution and this uncertainty is reflected in the bootstrapped 
confidence interval of Fig. 2.2. Across the other tissue measurements, the two tracts 
possessed relatively intermediate values of maturation and decline. 
Association tracts 
The lifespan trajectories for the association fibers are shown in rows 3-7 of Fig. 2.3 and Fig. 
2.4. The inferior fronto-occipital fasciculus (IFOF) attains its peak value early for FA, MD and 
ICVF while peaking at intermediate ages for all other tissue measures (Fig. 2.2); the inferior 
longitudinal fasciculus (ILF) peaks early for FA, late for ODI and at intermediate ages for all 
other measurements; the superior longitudinal fasciculus (SLF) peaks relatively early for MT, 
R1, R2* and g-ratio with intermediate peak ages for the other measures; the uncinate 
fasciculus observes a late peak for MT and R1 with all other measurements taking 
intermediary ages; the arcuate fasciculus is the earliest to peak for MD and also peaks 
relatively early for MT, R1 and R2*. Of note, we see that the IFOF has a relatively small amount 
of change during senescence for the g-ratio (1.5%), a small amount of MD change during 
hellosodj 
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Figure 2.3. Association fibre trajectories for MT, R1, R2* and g-ratio. Scatter plots indicate the tract microstructure 
measurement distribution across the sample with age; black lines denote the aging regression line for quadratic (MT, R1, 
g-ratio) or Poisson curve (R2*) models (grey shading 95% CI). Red: MT; orange: R1; green: R2*; turquoise: g-ratio. Cing. 
Cingulate: cingulum-cingulate; Cing. Hippocampus: cingulum-hippocampus; IFOF: inferior fronto-occipital fasciculus; ILF: 
inferior longitudinal fasciculus; SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus. 
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Figure 2.4. Association fibre trajectories for FA, MD, ICVF and ODI. Scatter plots indicate the tract microstructure 
measurement distribution across the sample with age; black lines denote the aging regression line for quadratic (FA, ICVF, 
ODI) or Poisson curve (MD) models (grey shading 95% CI). Light blue: FA; dark blue: MD; purple: ICVF; pink: ODI. Cing. 
Cingulate: cingulum-cingulate; Cing. Hippocampus: cingulum-hippocampus; IFOF: inferior fronto-occipital fasciculus; ILF: 
inferior longitudinal fasciculus; SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus. 
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maturation (1.3%) and a large amount of MD change during decline (5.7%); the uncinate 
displays large increases during development for ICVF (10.0%), MD (4.5%), MT (7.2%), R1 (6.5%) 
and R2* (10.4%); and the arcuate exhibits only a small change during maturation for MD 
(1.1%).  
Projection tracts 
The ageing trajectories of the thalamic radiation and corticospinal tract projection fibers 
are shown in the first two rows of Fig. 2.5 and Fig. 2.6. The thalamic radiations typically peak 
at intermediate-to-late ages for all tissue measures excluding ODI, which peaks earlier than all 
pathways excluding the forceps minor of the corpus callosum. The corticospinal tract peaks 
late for the R1, R2*, FA and, most notably, the ICVF measurements while peaking earliest for 
the g-ratio. Across the remaining measures the corticospinal tract peaks at intermediate 
values. Supplementary Table 2.1 contains the percentage change in tissue measurements 
Figure 2.5. Projection and callosal fibre trajectories for MT, R1, R2* and g-ratio. Scatter plots indicate the tract 
microstructure measurement distribution across the sample with age; black lines denote the aging regression line for 
quadratic (MT, R1, g-ratio) or Poisson curve (R2*) models (grey shading 95% CI). Red: MT; orange: R1; green: R2*; 
turquoise: g-ratio. CC: corpus callosum. 
 
 
31 
 
during maturation and decline for the projection tracts. We highlight the large changes in FA 
(4.6%), ODI (11.3%) and R2* (6.5%) during senescence for the thalamic radiations; the 
corticospinal tract was particularly stable after peak maturation, exhibiting little change during 
senescence for the ICVF (0.4%), MT (4.5%), R1 (3.0%) and R2* (1.6%) measures. 
Commissural tracts 
The lifespan trajectory curves for the commissural tracts of the corpus callosum – the 
forceps major (occipital) and the forceps minor (frontal) – are presented in the bottom two 
rows of Fig. 2.5 and Fig. 2.6. We observe that the commissural fibers are often some of the 
earliest to mature across the multiple tissue measurements (Fig. 2.2). The forceps major peaks 
early across R1, R2*, g-ratio, ICVF and ODI measurements while peaking at relatively 
intermediate ages across the remaining tissue measures. Similarly, the forceps minor peaks 
particularly early across MT, R1, R2*, MD and ICVF measurements while also peaking 
Figure 2.6. Projection and callosal fibre trajectories for FA, MD, ICVF and ODI. Scatter plots indicate the tract 
microstructure measurement distribution across the sample with age; black lines denote the aging regression line for 
quadratic (FA, ICVF, ODI) or Poisson curve (MD) models (grey shading 95% CI). Light blue: FA; dark blue: MD; purple: ICVF; 
pink: ODI. CC: corpus callosum. 
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exceptionally late in FA and ODI measures, both of which are sensitive to alterations of fiber 
crossing and dispersion. The amount of tissue measurement change during maturation and 
decline for the commissural fibers can differ quite substantially as compared to the other 
major tracts of the brain (Supplementary Table 2.1). The forceps major displays little change 
during maturation for R1 (1.8%) and R2* (3.8%), and senescence for MD (0.88%), while also 
following an inverted ODI trend, decreasing during maturation (1.3%) and increasing during 
senescence (7.5%); the forceps minor shows particularly large change during maturation for 
FA (11.5%) and ODI (21.6%), small changes during maturation for ICVF (0.2%) and R2* (3.7%), 
with large changes during senescence for ICVF (5.6%), MD (5.7%) and MT (10.1%). 
Tract associations with age, sex, image resolution and hemisphere 
Associations with age were predominantly non-linear excluding FA, ODI and g-ratio 
measurements across a few isolated tracts (Fig. 2.7 and Supplementary Tables 2.2-2.5), 
indicating reducing tissue change slopes with age up to a peak value before a reversal and 
steeping of slopes with further increases in age. These general aging curve trends lead to the 
inverted U-shaped (e.g. MT, R1, R2*, ICVF) and U-shaped (e.g. MD, g-ratio) lifespan trajectories 
detailed in Fig. 2.3-2.6. Significant quadratic aging terms were consistently observed for MT (
 = -1.65), R1 (  = -1.67), R2* (  = -1.11), g-ratio (  = 0.62), MD (  = 1.45) and ICVF (  = -
1.08) with a degree of spatial heterogeneity observed across tracts (Fig. 2.8 & Supplementary 
Tables 2.2-2.5). Quadratic associations with age were particularly robust in association (IFOF, 
ILF, SLF, arcuate and uncinate fasciculi), thalamic radiation and cingulum bundles (Fig. 2.7). In 
contrast, the corticospinal tract and callosal pathways generally exhibited more modest 
nonlinear associations with age. Significant though less consistent quadratic aging terms were 
observed for the water diffusion coherence measures of FA (-0.55 ≤ ≤ 0.81) and ODI (-1.58 
≤  ≤ 0.54; Supplementary Tables 2.2-2.5). The quadratic aging model was found to provide a 
significantly better fit than a linear model for all metrics and tracts except for FA in the ILF for 
which older age was significantly associated with lower coherence of water diffusion ( = -
0.43). 
Sex differences and their interactions with age were modelled for all tracts and tissue 
measurements (Fig. 2.7 and Supplementary Tables 2.2-2.5). Sex differences were generally 
weak and inconsistent, with the only significant results showing trends for higher R1 in males 
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in the SLF ( = 0.28) and arcuate fasciculus ( = 0.26). Interactions between age and sex were 
significant for R1 across the thalamic radiation, cingulum cingulate, IFOF, SLF and arcuate 
fasciculus (  ≥ -0.36), and for MT in the SLF (  = -0.25), suggestive of a marginally higher 
association with age in females as compared to males. 
Associations with MR imaging resolution were generally small and insignificant for MT, R1 
and R2* with larger effects apparent for the diffusion derived MD, ODI, ICVF and g-ratio 
measurements. The lower resolution scans were typically associated with higher MD (  = -
0.41) and lower ODI, ICVF and g-ratio values (  ≤ 0.69). A secondary analysis in the subset of 
Figure 2.7. Tissue measurement associations with age, sex, resolution and hemisphere. GLMs were used to estimate T-
statistics for MT, R1, R2*, g-ratio, FA, MD, ICVF and ODI with age, sex, resolution, hemisphere and their interactions with 
age. Male, high resolution and left hemisphere coded as 0. The valance of the g-ratio and MD associations have been 
reflected for visualization purposes across each of the panels. Horizontal dashed grey lines display the FEW-corrected 
significance level at p≤0.001. Full details of the regression coefficients are provided in Supplementary Tables 2.2-2.5. 
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subjects with high-resolution scans (n = 718) produced highly consistent age, sex and 
hemisphere associations to those observed in the full dataset (Supplementary Fig. 2.1). 
Asymmetries in tract microstructure were examined for all bilateral tracts (Fig. 2.7 and 
Supplementary Tables 2.2-2.5). Associations by hemisphere revealed left-right asymmetries 
in FA and ODI for several bilateral tracts. FA was higher and ODI lower in the left hemisphere 
for the cingulum-cingulate (FA | ODI;  = 0.45 |  = -0.31) and the arcuate fasciculus (  = 
0.52 |  = -0.57) and in the right hemisphere for the IFOF (  = -0.45 |  = 0.48) and SLF ( = 
-0.34 |  = 0.39). Further left-sided asymmetries were observed with higher FA in the left 
uncinate fasciculus (  = 0.41), higher R2* in the left arcuate (  = 0.38) and lower MD in the 
left IFOF (  = -0.31). There were no significant associations between hemispheres for any of 
the MT, R1, g-ratio or ICVF measurements. Interactions between age and hemisphere were 
weak to non-existent across all tracts and measurements excluding FA in the thalamic 
radiations, for which we observed a trend towards larger associations with age in the left 
versus right hemisphere (  = 0.26). 
Spatial heterogenicity of the myelin g-ratio 
Peak g-ratio values for the major white matter fasciculi are presented in Fig. 2.9. Tract 
specific g-ratio values center around g=0.7 with a range of 0.67-0.76. The forceps-minor of the 
corpus callosum achieves the lowest value of all the fasciculi (g=0.67). The association fibers 
of the brain and the forceps-major reach intermediate g-ratios centered around g=0.7 
Figure 2.8. Spatial heterogeneity of R1 quadratic aging effects. A glass brain visualization with 20 major fascicles displayed 
on left-lateral, superior and right-lateral views. R1 was the most sensitive measure to aging effects. Age2 coefficient values 
(standardized βs) are from the GLM model results detailed in Supplementary Figure 1. 
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(cingulum-cingulate, g=0.69; cingulum-hippocampus, g=0.69; IFOF, g=0.7; ILF, g=0.68; SLF, 
g=0.70; uncinate, g=0.71; arcuate, g=0.70; forceps-major, 0.70). The thalamic radiations 
(g=0.72) and the corticospinal tract (g=0.76) attain relatively higher peak g-ratio values. Across 
all tracts, the g-ratio remains reasonably stable around these peak values into the third decade 
(Fig. 2.3 & 2.5). After this period of stability g-ratios are observed to begin increasing at ever 
accelerating rates with age (Supplementary Table 2.3). The cingulum-cingulate, forceps-major 
and forceps-minor show the greatest percentage change from their peak up until age 75 (2.36-
2.76%) while the corticospinal tract and IFOF exhibit the smallest percentage g-ratio increases 
(1.53% & 1.54% respectively). 
Retrogenesis of white matter tracts 
In support of the ‘last-in-first-out’ hypothesis, robust correlations (r ≥ 0.65) between age 
of peak maturation and quadratic aging effects were observed for MT (r = 0.81), R1 (r = 0.66), 
R2* (r = 0.65) and g-ratio (r = 0.82) measurements (Fig. 2.10). Conversely, peak age was 
negatively correlated with quadratic aging effect for ODI (r = -0.66). Weak and inconsistent 
correlations were seen for the FA (r = -0.23), MD (r = 0.12) and ICVF (r = 0.32) measurements. 
Across the MT, R1, R2* and ICVF microstructure measurements the corticospinal tract is a 
noticeable outlier, typically exhibiting weaker quadratic aging effects than the age of maturity 
would suggest. The ‘gain-predicts-loss’ hypothesis necessitates symmetric developmental and 
aging trajectories relative to a peak. We find robust evidence for this hypothesis across MT, 
R1 and ICVF measures which are best described by a symmetric quadratic aging model (Fig. 
Figure 2.9. Spatial heterogeneity of peak g-ratio values. A glass brain visualization with 20 major fascicles displayed on 
left-lateral, superior and right-lateral views. Peak values were estimated from the peak age estimates of Fig. 2 and the 
aging curves of Fig. 3 & 5. 
 
 
36 
 
2.3-2.6). A quadratic aging model also best describes g-ratio, FA, and ODI measurements 
though the quadratic aging effects, and therefore the evidence for symmetric maturation and 
decline, is less robust (Fig. 2.8 & Supplementary Tables 2.2-2.5). R2* and MD measurements 
have highly asymmetric periods of maturation and decline which do not align well with the 
predictions of the ‘gain-predicts-loss’ hypothesis. 
2.4 Discussion 
This study contributes to our understanding of changes in white matter microstructure 
across the human lifespan. Robust nonlinear aging effects were consistently observed across 
tissue measurements and tracts. Using a combination of quantitative MRI measures, we were 
able to observe that R1, MT and MD were the most sensitive parameters to aging effects 
across the major white matter fascicles of the brain. Tract microstructure measurements are 
expected to peak between the mid-twenties and mid-fifties, with g-ratio measurements 
peaking earliest and ODI measurements peaking latest on average. Levels of tract myelination 
(as most specifically measured by MT and R1) typically peak between the ages of 35 and 45 
years. After reaching a peak level of microstructural organization the major white matter 
Figure 2.10. Testing the last-in-first-out hypothesis of aging. The last-in-first-out hypothesis predicts that a later 
developmental timing for a tract is associated with increased vulnerability on old age. The age of peak maturation was 
correlated with the quadratic aging effects of a tract across MT, R1, R2*, g-ratio, FA, MD, ICVF and ODI measurements. 
Grey line indicates linear regression line (shaded area 95% bootstrapped CI). Pearson’s r correlation annotated in upper 
left of each box. CingC: cingulum-cingulate; CingH: cingulum-hippocampus; IFOF: inferior fronto-occipital fasciculus; ILF: 
inferior longitudinal fasciculus; SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus; 
TR: thalamic radiations; CST: corticospinal tract; CC. Major: corpus callosum forceps-major; CC. Minor: corpus callosum 
forceps-minor. 
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tracts became less healthy with increasing age, losing myelin, decreasing in maintenance of 
microstructural organization and deviating from the optimal g-ratios needed for efficient 
signal conduction. 
A more detailed look at tract microstructure trajectories highlights that increasing age 
between adolescence and mid-adulthood is most strongly associated with increased 
myelination (MT, R1, R2*) and microstructural organization (FA, MD, ICVF, ODI) in association 
fasciculi (cingulum-cingulate, cingulum-hippocampus, IFOF, ILF, SLF, uncinate and arcuate) 
and thalamic radiations. The corticospinal tract and corpus callosum segments (forceps-major 
and forceps-minor) follow similar trajectories during this period but with a smaller amount of 
microstructural change, indicative of their early development and stability (Bartzokis et al., 
2012; Kinney et al., 1988; Yakovlev and Lecours, 1967; Yeatman et al., 2014). During 
senescence, a reversal in microstructural change is typically observed, with association 
fasciculi and the forceps-minor of the corpus callosum displaying notable vulnerability to 
white matter degeneration. These aging associations are generally in line with predicted 
lifespan trends, adding considerable support to the findings of past investigations reporting 
increasing MT, R1, R2*, FA, ICVF and decreasing MD during development and young 
adulthood, and reversing trends during senescence (Callaghan et al., 2014; Chang et al., 2015; 
Cox et al., 2016; Kochunov et al., 2012; Lebel et al., 2012; Li et al., 2014; Saito et al., 2009; 
Sexton et al., 2014; Westlye et al., 2010b; Yeatman et al., 2014). 
 The estimates at which each tract reaches peak maturity are in good agreement with the 
previous studies investigating lifespan changes in R1 (Yeatman et al., 2014) and MD (Hasan et 
al., 2010; Lebel et al., 2012; Westlye et al., 2010b). Frontal and temporal fasciculi (cingulum 
bundles, SLF and uncinate fasciculus) consistently showed intermediate-to-late peak 
maturation timings across the multiple microstructure measurements, suggestive of 
prolonged developmental periods. Our findings are consistent with previous DTI (Hasan et al., 
2010; Lebel et al., 2012; Westlye et al., 2010b) and R1 (Yeatman et al., 2014) reports of 
prolonged maturation within these tracts. These tracts have also been shown to mature 
particularly slowly during childhood as compared to core sensory and motor pathways (Lebel 
et al., 2008; O’Muircheartaigh et al., 2014; Tamnes et al., 2010). The ages of peak maturation 
for the corticospinal tract and callosal connections vary more widely across microstructure 
measures and this may be reflective of their relative stability over the lifespan (weaker 
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quadratic aging effects) and advanced levels of maturation before the end of adolescence 
(Lebel et al., 2008; O’Muircheartaigh et al., 2014; Tamnes et al., 2010). 
Sex differences were observed across five tracts for R1 but were generally weak and 
inconsistent. Of these tracts, sex differences in the SLF were the most robust, indicating higher 
R1 in males than females. These findings were not confirmed in the MT and R2* 
measurements which share myelination and/or iron sensitivities with R1 (Kucharczyk et al., 
1994; Lutti et al., 2014; Stüber et al., 2014), perhaps suggesting that the observed sex 
differences in the SLF are driven by the additional sensitivity of R1 to water volume within a 
voxel (Fatouros and Marmarou, 1999; Gelman et al., 2001). Reported sex differences in tract 
microstructure measurements have generally been weak and inconsistent with differences 
reported varyingly across corticospinal, cingulum, ILF and forceps major tracts  (Abe et al., 
2002; Cox et al., 2016; Lebel et al., 2012; Ota et al., 2006). Hemispheric associations were most 
robustly observed for FA in the cingulum-cingulate, IFOF, SLF, uncinate and arcuate fasciculi. 
Across these tracts leftward asymmetries were found for the cingulum-cingulate, arcuate and 
uncinate fasciculi, and rightward asymmetries observed in the IFOF and SLF. These findings 
contribute to previous DTI studies reporting hemispheric differences in tract microstructure 
across various age ranges (Cox et al., 2016; Hasan et al., 2010). 
One unique aspect of our investigation is the inclusion of novel g-ratio measurements 
(Stikov et al., 2015) in a large lifespan cohort of 801 subjects. Appropriate levels of WM 
myelination are crucial for optimal signal conduction and timing in the human brain and the 
g-ratio represents a fundamental organizational principle for controlling these properties 
(Pajevic et al., 2014; Waxman, 1975), with lower g-ratios representing a greater investment in 
myelination for a given axonal caliber. Theoretical arguments have suggested an optimal g-
ratio of around 0.6 (Rushton, 1951), though histological investigations have found g-ratios 
closer to 0.7 in the splenium of the corpus callosum (Graf von Keyserlingk and Schramm, 
1984). It is possible that the differences between theoretical optimal values and empirical 
findings may relate to a trade-off between metabolic and spatial constraints in brain 
organization (Bullmore and Sporns, 2012; Chomiak and Hu, 2009). Here we demonstrate that 
peak g-ratio levels have tract specific values in the range 0.67-0.76, consistent with a previous 
findings in younger adults (20-40 years; Cercignani et al., 2016). Spatial heterogeneity exists 
across the white matter fasciculi with projection fibers (corticospinal and thalamic radiation) 
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attaining the highest peak g-ratio values and the forceps-minor of the corpus callosum and 
association fasciculi reaching low to intermediate values. These findings suggest that the 
largest investments in myelination for a given axonal caliber occur in the anterior callosal 
fibers (forceps-minor) while conversely the lowest myelination investments occur in 
corticospinal fibers. Interestingly, the genu of the corpus callosum is known to possess axons 
of exceptionally small caliber - just 2.6µm on average (Aboitiz et al., 1992) - while the human 
spinal cord has been reported to contain axons exceeding 10µm in diameter (Häggqvist, 1936; 
Liewald et al., 2014). Future work will be needed to better understand the relationships 
between functional specialization, axonal caliber and myelin investment in the adult human 
brain. 
Of the two previous lifespan g-ratio studies, both had fewer than 100 participants which 
precluded the investigation of nonlinear associations with age (Berman et al., 2017; Cercignani 
et al., 2016). Here, with a large sample size of 801 individuals, we observed significant 
quadratic aging effects for the g-ratio across all tracts excluding the corticospinal tract and 
forceps-major, both of which are well developed by young adulthood and increase steadily in 
their g-ratio values thereafter. These results are in good agreement with the findings of 
Cercignani et al. (2016). A contrasting report by Berman et al. (2017) found little evidence of 
g-ratio associations with age in callosal sub-regions. This discrepancy may result from the 
linear models applied in their investigation and their lower density of subjects at higher ages, 
as our results suggest that the accelerating increases in g-ratio values become most apparent 
from the third decade onwards. Our observed increases in the g-ratio across all tracts during 
senescence provides evidence of widespread demyelination processes in the aging human 
brain which cannot be explained as the sole consequence of axonal degeneration. 
Investigations in the experimental animal have shown extended periods of myelin degradation 
in aging primates in the absence of overt axonal loss (Peters, 2009; Peters and Sethares, 2003). 
However, it has been challenging to determine how translatable these findings are to human 
aging due to the shorter lifespan of rhesus monkeys (Tigges et al., 1988) and the extensive 
phylogenetic changes observed in human white matter (Rilling et al., 2008; Schoenemann et 
al., 2005). Our results provide novel evidence of myelin specific degradation processes 
occurring in the human brain during normal aging.  
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The noticeable differences in microstructural aging trends across the brain, in terms of 
both heterochronicity and spatial heterogeneity, provide support for the last-in-first-out 
retrogenesis hypothesis of aging (Raz, 2000). We demonstrate a strong correlational 
relationship between peak maturational timing and the extent of quadratic measurement 
change across the lifespan for the most myelin sensitive measures (MT, R1, R2* & g-ratio, each 
with Pearson’s r ≥ 0.65), suggesting a relationship between extended ontological development 
during adulthood and senescent vulnerability to myelin loss. This supports the findings in post-
mortem and DWI studies which have reported distinct ontological differences between early 
myelinating projection and posterior callosal fibers, and the later developing frontal and 
association pathways (Huttenlocher and Dabholkar, 1997; Kinney et al., 1988; Lebel et al., 
2012; Stricker et al., 2009; Westlye et al., 2010b). Support for the last-in-first-out hypothesis 
was less consistent for the DWI related measures (FA, MD, ICVF & ODI). Both MD and ICVF 
displayed only weak correlational evidence for the last-in-first-out hypothesis (r ≤ 0.32), 
though it is possible that certain outlier tracts (cingulum-hippocampus / corticospinal tract 
respectively) could be masking genuine relationships. Interestingly, both fiber dispersion 
measures (FA & ODI) displayed negative correlational trends. For example, in contrast to the 
myelin specific measures, ODI in the posterior potion of the corpus callosum - the forceps 
major - peaks exceptionally early as well as having the greatest quadratic aging effect. These 
negative correlations indicate that earlier peaks in water diffusion coherence are associated 
with greater lifespan reorganization.  
Previous studies have typically provided qualitative descriptions of increased age-related 
vulnerability in the late myelinating pathways of the white matter (Brickman et al., 2012; Gao 
et al., 2011; Madden et al., 2012; Stricker et al., 2009). One recent study by Yeatman et al. 
(2014) went further by formulating quantitative definitions for the retrogenesis hypotheses. 
In contrast to our results they found no direct evidence for the last-in-first-out hypothesis 
using R1 and MD measurements. One potential explanation for this discrepancy comes from 
the differences in hypothesis formation. While we focused on peak timing predicting the rate 
of quadratic (accelerating) microstructure change either side of the peak, Yeatman et al. 
(2014) used a piecewise linear model to test the relationship between peak age and the 
duration of maturational stability (plateau). Our combined findings suggest that the late 
myelination of a region is predictive of relative levels of myelin reorganization (during decline 
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and post-adolescent maturation) but not the duration of peak maturational stability (Yeatman 
et al., 2014). 
The gain-predicts-loss hypothesis (Reisberg et al., 2002) necessitates that symmetric aging 
trends should occur either side of a maturational peak. A cross-validated model selection 
procedure designated a symmetric (quadratic) aging model for MT, R1, g-ratio, FA, ICVF and 
ODI measurements. R2* and MD displayed highly asymmetric aging trends which were better 
described using an asymmetric Poisson curve model. These findings are in good agreement 
with the Yeatman et al. (2014) assessment of the gain-predicts-loss hypothesis that found 
supportive evidence for R1 but not MD tissue measurements. 
The participants included in this study and taken from the general population were in 
relatively good health as we excluded any individuals with known neurodegenerative or 
psychiatric disease and screened all imaging data for overt pathology or signs of neurovascular 
abnormalities. One potential concern for cross-sectional study designs is that modeled 
trajectories may inaccurately describe within subject aging trends (Lindenberger et al., 2011). 
These designs also suffer from subject bias as there is no clear way to guarantee that the young 
individuals in the cohort will develop into the relatively healthy older individuals included in 
the study. Nonetheless, longitudinal studies of large cohorts represent a huge logistical and 
financial challenge, and the study duration required to test all subjects prospectively over the 
lifespan (≈75 years) is prohibitive. These considerations have led the few previous longitudinal 
studies to typically adopt semi-longitudinal designs whereby a relatively small number of 
subjects are recruited, over a reduced age range and/or then followed for a small number of 
years (≈2-4 years) (Barrick et al., 2010; Bender and Raz, 2015; de Groot et al., 2016; Lebel and 
Beaulieu, 2011; Sexton et al., 2014; Teipel et al., 2010). Such challenges have led to the 
majority of studies adopting cross-sectional designs (Callaghan et al., 2014; Cox et al., 2016; 
Hasan et al., 2010; Kochunov et al., 2012; Lebel et al., 2012; Li et al., 2014; Westlye et al., 
2010b; Yeatman et al., 2014). Nevertheless, though the present study provides a well-
powered investigation into cross-sectional aging trajectories, a full examination of intra-
individual trends will require future prospective imaging studies which, in a fully longitudinal 
design, would require many decades of work to cover a comparable age range. 
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A further consideration for this study relates to the quality of the diffusion measurements 
and sampling schemes. The diffusion acquisition was made using a highly-optimized sequence 
of 118 imaging volumes and preprocessed images underwent a detailed quality checking 
process. The tractography was performed using an automated procedure (Yeatman et al., 
2012b) which eliminated any investigator bias in tract definitions. Furthermore, the tract 
sampling scheme used here applies a Gaussian weighting function to weight points at the tract 
core more highly than peripheral streamlines, reducing the influence of partial volume effects 
at the tract periphery. Despite these controls we cannot rule out the possibility of partial 
volume effects - either from grey matter or cerebrospinal fluid contamination - biasing certain 
tract microstructure measurements (Vos et al., 2011) and as with previous investigations we 
advise caution when interpreting the data. 
In conclusion, this single-scanner study provides an important contribution to our 
understanding of microstructural organization of the white matter across the human lifespan. 
The well-powered study sample of 801 individuals affords the description of detailed 
nonlinear aging trends across 20 major white matter pathways of the brain. Heterochronicity 
and spatial heterogeneity across tracts and microstructure measurements highlights the 
importance of using multiple tissue measurements to investigate each region of the white 
matter. Our data on g-ratio evolution over the human lifespan provides novel aging 
associations and an important baseline from which to assess dysfunctional g-ratio 
development and maintenance in a variety of psychiatric disorders (Du and Ongür, 2013). 
Furthermore, a quantitative assessment of the retrogenesis hypotheses of aging provides 
additional support for prolonged myelin maturation being associated with greater myelin 
reorganization and vulnerability with age. These findings present an important baseline from 
which to assess divergence from normative aging trends in developmental and degenerative 
disorders, and to further investigate the mechanisms connecting white matter microstructure 
to cognition. 
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3. Lifespan brain tissue changes reveal a modular architecture of human 
white matter 
3.1 Introduction 
Findings in recent years have made it clear that in-depth knowledge about the processes 
governing human white matter are of unique importance for understanding the behavioral 
consequences of brain maturation, healthy aging and an array of developmental and 
neurodegenerative disorders (Fornito et al., 2015). Human cognitive flexibility may emerge 
from the integration of hierarchical modular brain networks (see Park and Friston, 2013) and 
network analyses support both structural and functional brain modularity (Melie-Garcia et al., 
2017; Sporns and Betzel, 2015). Neurodevelopmental investigations have also begun to reveal 
patterns of modular tissue change within the cerebral cortex (Krongold et al., 2015) with the 
suggestion that certain developmental disorders may target specific grey matter modules 
(Alexander-Bloch et al., 2014). Such investigations have yet to be extended to the study of 
white matter development and aging. 
 Evidence from animal models suggests that widespread alterations to tissue 
morphology and chemical composition occur across neuronal and glial cell types throughout 
the lifespan. Many axonal fibers in white matter swell and degenerate (Peters, 2009), axons 
may remain intact but undergo repeated periods of myelin loss and remyelination (Fancy et 
al., 2011), glial cells differentiate and proliferate in response to external signals (Fancy et al., 
2011; Sandell and Peters, 2002), cellular debris accumulates (Neumann et al., 2009), and glial 
scars may begin to form (Silver and Miller, 2004). It is likely that developmental and age-
related dysfunction partially results from disruption to a specific subset of these processes 
which, taken together, might provide a highly informative fingerprint for brain disease states. 
Within the human brain, non-invasive neuroimaging results suggest widespread age-
related changes to volume (Bartzokis et al., 2001; Walhovd et al., 2011) and myelin (Bartzokis 
et al., 2012; Callaghan et al., 2014; Draganski et al., 2011; Lebel et al., 2012; Westlye et al., 
2010b; Yeatman et al., 2014). Lifespan trajectories vary across the major white matter 
pathways under the influence of genetic and environmental factors (Emery, 2010; Gibson et 
al., 2014), whilst the timing and degree of tissue change across brain systems may be linked 
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to evolutionary novelty (Hill et al., 2010; Rilling, 2014). The majority of magnetic resonance 
imaging (MRI) investigations of white matter changes associated with ageing have focused 
solely on diffusion tensor imaging (DTI) (Imperati et al., 2011; Kochunov et al., 2012; Lebel et 
al., 2012; Peters et al., 2014; Westlye et al., 2010b). DTI derived measures such as fractional 
anisotropy (FA) are inherently non-specific (Jones et al., 2013) and using these measures alone 
risks lifespan descriptions that are insensitive to important tissue changes while also lacking 
the ability to disentangle the relative trajectories of concurrent tissue processes. More recent 
biophysical models such as neurite orientation dispersion and density imaging (NODDI) (Zhang 
et al., 2012) aim to overcome such issues by estimating specific tissue organizational 
properties from the diffusion signal. In addition to the use of DTI derived indices a few studies 
have begun to investigate lifespan changes to myelin (Bartzokis et al., 2012; Yeatman et al., 
2014) and iron (Callaghan et al., 2014) with the application of quantitative MRI techniques. 
By combining multiple quantitative and specific measurements of tissue microstructure 
within the same cohort the complex, multiple and independent tissue processes acting upon 
white matter cell types (Fancy et al., 2011; Peters, 2009; Sandell and Peters, 2002) might be 
better characterized and separated than by univariate analyses of individual measurement 
types alone (Tardif et al., 2016; Yeatman et al., 2014). Such an approach necessitates a 
multivariate data-driven analysis to reveal the lifespan trajectory interactions across 
measurement types. 
In this work we applied quantitative magnetic resonance imaging (qMRI) biomarkers 
indicative of tissue myelination and iron levels (multi-parameter mapping, MPM) (Draganski 
et al., 2011) in combination with state-of-the-art diffusion-weighted (DWI) microstructural 
imaging and tractography. We map whole-brain connections using a “connectome” approach, 
which offers a robust framework for the study of tissue microstructure changes across the 
lifespan using data-driven methods. Furthermore, by defining connections based on their 
cortical terminations microstructural observations in white matter can be directly compared 
with structural and functional measurements made within the cortex (Collin et al., 2014; 
Scholtens et al., 2014). The data collected from a large cohort of the general population forms 
a multi-parametric description of tissue property trajectories from adolescence through old 
age, achieving contrasting sensitivity to the multiple concurrent biological processes 
supporting and characteristic of normal aging. 
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3.2 Materials and methods 
Subjects 
The participants were healthy volunteers recruited from the Lausanne regional area of 
Canton Vaud, Switzerland based on fliers, university newsletters and, for the majority of 
subjects (N=504), their ongoing participation in the CoLaus | PsyCoLaus cohort (Preisig et al., 
2009). All participants were screened for brain disorders. A total of 659 (335 female) 
participants (cross-sectional) were included in the study aged 7-84 years (mean age 51.8±15.7 
yrs). The age distribution can be broken down as follows: 61 participants aged 7-24; 69 
participants aged 25-39; 241 participants aged 40-54; 212 participants aged 55-69; and 76 
participants aged 70-84. The Centre Hospitalier Universitaire Vaudois (CHUV) Institutional 
Review Board approved all data collection procedures and written informed consent was 
given by participants or a parent/guardian. The authors state that they have obtained approval 
from CHUV and the CoLaus | PsyCoLaus Data Sharing and Publications Committee for use of 
the data and confirm that the data was analyzed anonymously. 
MRI data acquisition 
All imaging was performed on a 3T whole-body MRI system (Magnetom Prisma, Siemens 
Medical Systems, Germany) using a 64-channel RF receive head coil and body coil for 
transmission. Visual inspection of study participant data confirmed an absence of neither 
macroscopic brain abnormalities nor obvious vascular pathology. 
Multi-parameter maps (MPMs) 
The qMRI protocol consisted of three whole-brain multi-echo 3D fast low angle shot 
(FLASH) acquisitions with predominantly magnetization transfer-weighted (MTw: TR/α = 
24.5ms/6°), proton density-weighted (PDw: TR/α = 24.5ms/6°) and T1-weighted (T1w: 
24.5ms/21°) contrast (Helms et al., 2009, 2008; Weiskopf et al., 2013b). The MT-weighted 
contrast was obtained using a Gaussian-shaped radio frequency (RF) pulse prior to the RF 
excitation (4ms duration, 220° nominal flip angle, 2 kHz frequency offset from water 
resonance). Multiple gradient echoes were acquired for each contrast with alternating 
readout polarity. The minimal echo time was 2.34ms and the echo spacing was 2.34ms. The 
number of echoes was 6/8/8 for the MTw/PDw/T1w acquisitions to keep the TR value identical 
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for all contrasts. The image resolution was 1 mm3 isotropic, the field of view and the matrix 
size were 256 × 240 × 176 mm. Parallel imaging was used along the phase-encoding direction 
(acceleration factor 2 with GRAPPA reconstruction) (Griswold et al., 2002), partial Fourier 
(factor 6/8) was used along the partition direction. Data were acquired to calculate maps of 
the RF transmit field B1+ using the 3D echo-planar imaging (EPI) spin-echo (SE) and stimulated 
echo (STE) method described in (Lutti et al., 2012, 2010). The image resolution of the B1-
mapping data was 4mm3, and the echo and repetition times were set to 39.06ms and 500ms 
respectively. The nominal flip angle of the SE pulse was decreased from 230o to 130o in steps 
of 10o (Lutti et al., 2012, 2010). B0-field mapping data was acquired using a 2D double-echo 
FLASH sequence to correct for geometric distortions in the 3D EPI data (Lutti et al., 2012, 
2010). The total acquisition time was 27 min. 
 A subset of participants (N=84, 7-75 yrs) underwent an equivalent 1.5 mm3 MPM 
protocol. The acquisition parameters for this protocol differed for the following parameters: 
field of view = 240 × 225 × 180 mm, matrix size = 160 × 150 × 120. The total acquisition time 
was 13 min. In total, 38 study participants were scanned using both image resolution 
protocols. The data from these subjects was used to assess the consistency of edge 
microstructure measures across image resolutions and this was shown to be comparable to 
test-retest reproducibility at 1 mm3 (Supplementary Fig. 3.1). 
Diffusion weighted imaging (DWI)  
The diffusion weighted MRI data were acquired using a 2D echo-planar imaging sequence 
with the following parameters: TR/TE = 7420/69ms, parallel GRAPPA acceleration factor = 2, 
FOV = 192 x 212 mm2, matrix size = 96 x 106, 70 axial slices, 2 mm isotropic voxel dimension, 
118 isotropically distributed diffusion sensitization directions (15 at b = 650 s/mm2, 30 at b = 
1000 s/mm2 and 60 at b = 2000 s/mm2) and 13 b=0 images interleaved throughout the 
acquisition. 
MRI data preprocessing 
Multi-parameter maps (MPMs) 
The R2*, MT and R1 quantitative maps were calculated as previously described (Draganski 
et al., 2011) using in-house software running under SPM12 (Wellcome Trust Centre for 
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Neuroimaging, London, UK; www.fil.ion.ucl.ac.uk/spm) and Matlab (Mathworks, Sherborn, 
MA, USA). The R2* maps were calculated from the regression of the log-signal of the eight PD-
weighted echoes (Weiskopf et al., 2014). The MT and R1 maps were computed as described 
in (Helms et al., 2008), using the MTw, PDw and T1w images averaged across all echoes. The 
R1 maps were corrected for local RF transmit field inhomogeneities using the B1+ maps 
computed from the 3D EPI data (Helms et al., 2008) and for imperfect RF spoiling using the 
approach described by (Preibisch and Deichmann, 2009). 
Each participant’s MT image was processed using the FreeSurfer version 5.3.0 software 
package pipeline (www.surfer.nmr.mgh.harvard.edu). The standard pipeline reconstructs an 
individual’s cortical and white matter surfaces from the participant’s structural image data. 
The following steps comprise the surface preprocessing pipeline: correction of image intensity 
variations due to MR inhomogeneities (Dale et al., 1999); skull stripping (Ségonne et al., 2004); 
cortical grey matter (GM) and white matter (WM) segmentation (Dale et al., 1999); separation 
of the brain hemispheres and subcortical structures (Dale et al., 1999; Fischl et al., 2004, 2002); 
and finally a set of grey/white matter interface and pial surfaces for both brain hemispheres 
(Dale et al., 1999). After surface reconstruction, the individual participant’s surfaces were used 
to estimate the transformation that achieved maximal correspondence between the sulcal 
and gyral patterns of the individual and those of an average brain (Fischl et al., 1999a, 1999b). 
This information was later used to bring a high-resolution cortical parcellation (Gordon et al., 
2016) into each individual’s native image space. 
The FSL FAST tool (Smith, 2002; Zhang et al., 2001) was used to segment MT images into 
tissue probability maps for WM, GM and CSF. Subcortical structures were segmented using 
the FSL FIRST tools (Patenaude et al., 2011). These structural segmentation preparations are 
described in detail in Smith et al. (2015a) and are necessary for the anatomically constrained 
tractography (ACT; Smith et al., 2012) procedures used later to build the structural 
connectome. 
Diffusion weighted imaging (DWI) 
DWIs were preprocessed to correct for eddy currents and subject motion using the FSL 
EDDY tool (Andersson and Sotiropoulos, 2016) and the gradient directions were appropriately 
rotated to correct for subject movement (Leemans and Jones, 2009). The B0 maps acquired 
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as part of the structural imaging session were used to correct for EPI susceptibility distortions 
with the SPM field mapping toolbox (Hutton et al., 2002). The DWI images were then rigid 
body aligned to the MT image with the aid of the mean b=0 image using SPM12.  
Diffusion tensor imaging (DTI) maps were estimated on the b=0 s/mm2, b=650 s/mm2, and 
b=1000 s/mm2 data using a constrained non-linear least-squares (CNLLS) algorithm (Koay et 
al., 2006). Fractional anisotropy (FA) measures were estimated but later excluded from further 
analysis as FA is a non-specific measure of tissue microstructure, particularly in regions of 
crossing fibers (Bartzokis et al., 2012; Jones et al., 2013), and was shown to have inconsistent 
developmental rates along the length of a fascicle (Supplementary Fig. 3.2). The remaining 
qMRI measurements included in this study were shown to have strong and consistent aging 
effects along the length of a fascicle. The neurite orientation dispersion and density imaging 
(NODDI; Zhang et al., 2012) maps were processed with the AMICO toolbox (Daducci et al., 
2014) using multi-shell diffusion data across all of the acquired b-values. 
Quality assurance procedures 
The data for all subjects included in the study underwent a stringent quality control 
assessment. An experienced investigator visually assessed the preprocessed neuroimaging 
data based on the following criteria: 1) Quantitative MPM maps (MT, R1, R2*) rated for 
movement artifacts and abnormal white matter signal intensities; 2) Diffusion and structural 
MRI image alignment; 3) Quality of the diffusion FA maps and tensor residuals; 4) Reliability 
of the pial and white matter surface reconstructions; 5) Accuracy of the tissue type 
segmentation and parcellations. If data failed any of these quality assessment criteria the 
relevant subject was excluded from the study. In total, data from 939 subjects were assessed 
in this manner with a total of 659 participants passing each of the quality checks and 
consequently being included in the study. 
Diffusion tractography 
All processing procedures described within this section were performed using the MRTrix3 
software package (www.mrtrix.org; Tournier et al., 2012). The constrained spherical 
deconvolution (CSD; Tournier et al., 2007, 2004) fiber orientation densities (FODs) were 
calculated using a multi-shell, multi-tissue CSD (MSMT-CSD) algorithm (lmax = [0, 2, 6, 10] for 
WM) which has been shown to reduce the presence of spurious fiber orientation distribution 
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function (fODF) peaks in voxels containing GM and/or CSF partial volumes (Jeurissen et al., 
2014). All tractography streamline reconstructions were made using the probabilistic 2nd-
order Integration over fiber orientation distributions (iFOD2) algorithm (Tournier et al., 2010) 
in conjunction with the ACT framework (Smith et al., 2012). The following parameters were 
used for the streamline tracking of each study participant’s data: number of accepted 
streamlines 20 million, step size 1 mm, maximum curvature per step 45°, length 5-250 mm, 
FOD amplitude threshold 0.1. We used a dynamic seeding algorithm (R. E. Smith et al., 2015b) 
to promote optimal streamline densities supported by the FODs during tracking. The SIFT 
algorithm (Smith et al., 2013) was applied to filter down to the 10 million streamlines best 
supported by the FOD data before applying the SIFT2 algorithm (R. E. Smith et al., 2015b) to 
provide relative weights of the remaining 10 million streamlines. This state-of-the-art diffusion 
tractography pipeline has been shown to produce robust and reproducible connectomes, 
reducing streamline density and connectivity biases associated with earlier approaches (R. E. 
Smith et al., 2015a). 
Connectome construction and quantification of tissue properties 
As part of the structural preprocessing procedures a high-resolution cortical parcellation 
(Gordon et al., 2016) was projected on the cortical surfaces of each subject. The surface 
parcellations were converted into volume images by projecting the surface labels onto voxels 
between the GM/WM interface and pial surfaces. Subcortical structures segmented by the 
FSL FIRST (Patenaude et al., 2011) procedure were added to the parcellation volumes for each 
subject. For each study participant, there now existed a parcellation image in native space 
containing a total of 349 structures (333 cortical and 16 subcortical). 
Tractography streamline endpoints were mapped to their nearest parcellation nodes. If a 
node was not located within a 4 mm radius of a streamline termination then this streamline 
was excluded from the connectome construction (R. E. Smith et al., 2015a). Streamlines 
connecting to the same node at both ends were excluded, and thus the diagonal entries were 
zero for all adjacency matrices. In addition to counting the absolute number of streamlines 
connecting any two parcellation nodes, we generated adjacency matrices weighted by 
quantitative tissue measures along the connecting streamlines: for each streamline a 
quantitative MRI measure was sampled along its length; these samples were then averaged 
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along the length of each streamline; finally, these values were averaged across all streamlines 
corresponding to each edge in the connectome (i.e. connecting the same nodes). This 
provided mean microstructure measures for each edge of the connectivity matrix. For each 
subject, we generated 5 quantitative MRI adjacency matrices (weighted by MT, R1, R2*, MD, 
and ICVF) in addition to the adjacency matrix weighted by total streamline count. All adjacency 
matrices had their streamline contributions weighted by the corresponding SIFT2 weights to 
improve robustness and biological accuracy of the structural connectomes (R. E. Smith et al., 
2015a). 
A connectome mask was generated to select the set of edges to be assessed in later steps. 
The connectome matrices weighted by streamline count were averaged across all subjects to 
produce a mean connectivity matrix. We binarized the mean connectivity matrix to a density 
of ρ≈5%, resulting in a streamline threshold of 329 streamlines/edge. This binarized 
connectome mask thus contained the 5% (3,015) most densely connected edges, each of 
which comprised on average 1,650 (95% CI: 350-6,850) connecting streamlines. A sparse 
connectome density of 5% lies within the range typically used to describe structural brain 
networks (Achard and Bullmore, 2007; Hagmann et al., 2008) and focuses the analysis on a 
subset of the most strongly connected edges. For network visualization purposes all images 
were generated using the BrainNet Viewer software package (Xia et al., 2013; 
www.nitrc.org/projects/bnv). 
Model fitting 
We investigated the use of four aging models to explain patterns of WM tissue 
microstructure change with age (see Supplementary Methods for detailed descriptions). 
Repeated 5-fold cross-validation was applied to quantify model accuracy: the data were split 
into 5-folds, each containing 20% of the data. The model was then fit to 80% of the data and 
used to predict the remaining 20% of data points. This process was cycled through for each of 
the 5-folds, and then the process repeated with randomization to provide a total of 105 model 
prediction instances. The winning model for a tissue microstructure measure was chosen as 
the model which minimized cross-validated error across the network. The cross-validation 
results indicate that MT and R1 are most accurately modeled with a second order polynomial, 
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R2* with a Poisson curve, while the smoothing spline is most appropriate for MD and ICVF. 
Cross-validation results are supplied in Supplementary Table 3.1. 
Bootstrapping was used to test for the reliability of all parameter estimates. Unless 
otherwise stated the results throughout this paper use the median and bootstrapped 95% CI 
to represent the central tendency and uncertainty for each parameter estimate (e.g. peak age 
estimates). All modeling procedures included nuisance regressors for sex and structural image 
resolution. We summarized the lifespan tissue microstructure trajectories using three 
parameters which characterize the aging curves regardless of model type. These three lifespan 
measures were: a) peak age; b) peak value; and c) lifespan change. These parameters define 
the age at which a tissue measure is expected to peak, the expected peak value and the 
cumulative amount of measurement change across the lifespan. Full definitions for the four 
aging models and three lifespan features are provided in the Supplementary Methods section. 
Clustering lifespan trajectories 
 Network edges with similar multivariate aging trajectories were clustered together 
into lifespan modules. Lifespan features for each quantitative MRI metric were z-score 
normalized and entered into a principle component analysis (PCA) to reduce dimensionality 
and the statistical dependence between the (partially) correlated tissue measurements. The 
first 10 principle component scores (explaining 95% of variance) were then used as features 
for an expectation-maximization Gaussian mixture model (EM-GMM) algorithm. The EM-
GMM algorithm finds the Gaussian mixture model with maximum likelihood for the multi-
dimensional lifespan data. Mean model responsibilities were tested for models with k=2-50 
clusters. A clear local maximum in model responsibility was observed for k=5 clusters and was 
therefore chosen as the clustering number of interest. Cluster mean centers and partial 
correlations between all lifespan measures were used to assess discriminating features 
between the modules. 
To provide additional assurance of the lifespan module robustness we clustered lifespan 
trajectories using non-parametric linear mixed effects (LME) modeling in a manner similar to 
Krongold et al. (2015). Overlapping age bins were defined every 5 years from 20 to 65 years 
with a window width of 20 years. A linear model was fit to data falling within the age bins for 
all network edges and tissue parameters. The mid-window tissue values and maturational 
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gradients formed the lifespan features which were first entered into a PCA, before clustering 
the scores explaining 95% of variance using the EM-GMM algorithm. A comparison of module 
classifications for the model based and non-parametric LME lifespan modules is provided in 
Supplementary Fig. 3.3. 
3.3 Results 
Lifespan tissue changes in human white matter 
Over the lifespan, MT undergoes substantial change with peak ages between 30 and 45 
years across different WM edges (Fig. 3.1). Motor and callosal pathways peak first followed 
by frontal and parietal association pathways and finally, temporal white matter. Prefrontal 
white matter has the highest MT values at peak maturity and displays the greatest change 
over the lifespan. In contrast, the early myelinating motor connections achieve a moderate 
peak value for MT and demonstrate little change over the lifespan, exhibiting only one third 
of the total change observed in prefrontal connections. 
Figure 3.1. MT and ICVF lifespan measures for each network edge reveal the complex patterns of tissue change evident 
across human white matter. Lifespan measures for the age of peak maturity (Peak Age), the tissue value at peak maturity 
(Peak Value) and the cumulative tissue change from age 10 to age 75 (Lifetime Change) are shown for each of the 3,015 
network edges connecting 349 cortical and sub-cortical nodes. Great variability in maturational timings, tissue 
composition and lifespan tissue change exist across human white matter. All visualized network edges have highly 
significant quadratic aging effects (p<0.001 Bonferroni corrected). Peak Age values are in years; Peak Value and Lifetime 
Change measures are expressed in percentage points for MT, and fractional units for ICVF. 
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Significant age-related change to ICVF is observed across white matter networks (Fig. 3.1). 
Callosal fibers reach mature ICVF values earliest, to a high peak value of ICVF≈0.6 and are the 
most stable connections over the lifespan, particularly in mid- to posterior-segments 
connecting motor and visual areas. In contrast to the observed patterns for MT lifespan 
trajectories, motor pathways have the latest ICVF peak age (>50 years) with some of the 
highest peak ICVF values. Frontal and temporal lobe pathways mature at an earlier age with 
intermediate mature ICVF values but exhibit a large amount of change across the lifespan (for 
R1, R2* and MD lifespan measures see Supplementary Fig. 3.2-3.4). 
The largest tissue changes year-on-year occur in frontal and temporal pathways (for 
relative rates of change over the lifespan see Supplementary Video 1). At age 40 years most 
measurement change has slowed, while the increases in ICVF continue at a reduced rate 
within cortico-striatal connections and along the inferior longitudinal fasciculi. As the brain 
moves into late middle- and old-age the frontal lobes are the first to see significant decline, 
being the most vulnerable to MT and ICVF losses. Temporal lobe white matter is also 
particularly vulnerable to age-related decline; while motor and callosal fibers, though still 
declining, will typically do so at a slower rate. For all measures and edges we observe 
significant nonlinear aging effects (quadratic effects, p<0.001 Bonferroni corrected), with MD 
following U-shaped and all other measures following inverted U-shaped aging trajectories. 
During the transition from middle- to old-age an anterior to posterior gradient of accelerating 
decline is observed throughout the white matter network.  
Modular lifespan tissue changes in white matter networks 
Clustering network edges based on their representative aging features reveals 
developmentally related lifespan modules (Fig. 3.2). This organization is driven by the shape 
of the multivariate aging trajectories without any imposition of spatial priors. The five-cluster 
solution divides human white matter into broadly defined fronto-striatal (blue), callosal (red), 
fronto-parieto-occipital (green), prefronto-temporal (pink) and limbic (yellow) modules. This 
should not be taken to mean that the estimated network modules comprise solely of 
connections associated with their assigned name, but rather as a guide to the set of dominant 
pathways within each module.  
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By performing a spatial correlation between the cortical terminations of a module and 
fMRI intrinsic connectivity networks described by Yeo et al. (2011) we observe how each of 
the lifespan modules connects to specific functional networks.  We find that the fronto-
parieto-occipital (green), comprising of many short range superficial fibers connecting 
neighboring structures, is densely connected to regions within the visual, dorsal attention and 
motor cortices; the prefronto-temporal (pink) module connects fronto-parietal, default mode 
and limbic networks; while the limbic (yellow) module densely connects cortical regions of the 
limbic network. The callosal module (red) contains all inter-hemispheric connections, thus we 
term this module based on the uniqueness of these connections. However, this module does 
also contain edges connecting subcortical and visual cortices (e.g. optic radiation projections) 
and this is reflected in a relatively strong spatial correlation with cortical regions subserving 
the visual network. 
To investigate which lifespan features most clearly discriminate between modules, the 
cluster centers for each module and qMRI metric are analyzed (Fig. 3.3). The callosal module 
(red) is the first to reach peak maturity with the earliest peak values across all qMRI measures 
excluding MD and R2* for which it peaks slightly later than the fronto-striatal module (blue). 
Similarly, the fronto-striatal module achieves peak MT, R1, R2* and MD early while also being 
Figure 3.2. Lifespan modules in human white matter. Lifespan measures (Peak Age, Peak Value & Lifetime Change) for 5 
quantitative MRI biomarkers (MT, R1, R2*, MD & ICVF) were entered as features for Gaussian mixture model clustering 
of network edges. The number of clusters, K=5, was determined by examining mean model responsibility (or posterior-
probability) across a range of K. The resulting lifespan modules represent groups of edges with similar lifespan trajectories 
across the 5 tissue biomarkers. Regions of coherent multivariate tissue change localize along functionally described brain 
systems. 
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relatively stable over the lifespan. The callosal and fronto-striatal modules reach high peak 
values in MT, R1 and ICVF with intermediate to high values in R2*. 
The limbic module (yellow) peaks late for the MT, R1 and R2* measurements, with low 
peak values at maturity and displaying an intermediate amount of change over the lifespan. 
The prefronto-temporal module (pink) displays considerable microstructural alteration, 
possessing the largest lifetime changes in MT, R1, R2* and ICVF. This module also matures 
relatively late and reaches high peak values, particularly for the most myelin specific measures 
(MT and R1). Finally, fascicles within the fronto-parieto-occipital module (green) are slow to 
mature in R2* and diffusion measures while characteristically displaying intermediate peak 
value and lifetime change estimates.  
Figure 3.3. Variability of lifespan tissue dynamics across lifespan modules. Cluster centers (solid colored circles) and 
standard deviations (vertical lines) are shown across lifespan measures and MRI biomarkers. The edges comprising 
fronto-striatal (blue), callosal (red), motor-parieto-occipital (green), prefronto-temporal (pink) and limbic (yellow) 
lifespan modules were used to compare module centers using a Welch’s t-test. Non-significant differences are 
highlighted, all other comparisons reached significance (p<0.05 Bonferroni corrected). Fronto-striatal and callosal 
modules reach peak maturity first followed by prefronto-temporal, motor-parieto-occipital and limbic modules. Fronto-
striatal and callosal modules are also typically very stable in contrast to the prefronto-temporal module which exhibits 
large dynamic change across the lifespan (developmental increases and aging decline). Peak value and lifetime change 
measures are expressed in units of percentage points for MT, s-1 for R1 and R2*, mm2s-1 for MD, and fractional units for 
ICVF. 
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Interdependence of brain tissue measures to developmental processes 
We observe a strong interdependence of certain tissue property measurements based on 
the partial correlations of all lifespan measures (Fig. 3.4a). First, we will highlight the 
relationships that emerge globally across the entire white matter before looking at localized 
relationships within each of the lifespan modules. Strong global correlations are observed for 
MT and R1 (peak age, r = 0.74, p<0.001; peak value, r = 0.84, p<0.001; lifetime change, r = 0.69, 
p<0.001), and to a lesser extent for R1 and R2* (peak age, r = 0.14, p<0.001; peak value, r = 
Figure 3.4. Interdependencies between lifespan measures across the entire white matter and within lifespan modules. 
(a) Partial correlations between MRI biomarkers for each of the lifespan measures using all network edges. Significant 
correlations (p<0.05, Bonferroni corrected) are highlighted using an outlined box. (b) Partial correlations for MT and other 
MRI biomarkers (first rows/columns of a) are expanded to show the differing microstructural relationships within fronto-
striatal (blue), callosal (red), motor-parieto-occipital (green), prefronto-temporal (pink) and limbic (yellow) lifespan 
modules. 
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0.33, p<0.001; lifetime change, r = 0.29, p<0.001). MT and R2* remain globally uncorrelated 
(peak age, r = 0.05, p=n.s.; peak value, r = -0.02, p= n.s.; lifetime change, r = -0.02, p= n.s.). The 
global correlations between MT and the DWI measures were not significant except in the 
cases of MT vs. MD peak value (r = -0.43, p<0.001) and MT vs. ICVF lifetime change (r = 0.26, 
p<0.001). Between the two DWI indices, MD and ICVF, moderate correlations exist for peak 
age (r = -0.28, p<0.001) and lifetime change (r = 0.29, p<0.001). 
Local relationships within a lifespan module often differ substantially from globally 
observed relationships (Fig. 3.4b). The relationship between MT and R1 remains strong and 
consistent within each of the developmental modules (0.33 ≤ r ≤ 0.89, p<0.001). We observe 
moderate partial correlations between MT and R2* within the callosal module for peak age (r 
= 0.20, p<0.05) and peak value (r = -0.27, p<0.001), and for lifetime change in the callosal (r = 
-0.27, p<0.001) and fronto-striatal (r = 0.22, p<0.001) modules. For peak age MT vs. ICVF strong 
inter-module differences exist between the fronto-parieto-occipital (r = -0.24, p<0.001) and 
limbic (r = 0.36, p<0.001) modules. For MT vs. MD the only significant peak age correlation 
was observed within the fronto-striatal module (r = 0.22, p<0.001). For MT vs. MD peak values 
we observe strong negative correlations in line with the global results for callosal (r = -0.23, 
p<0.01) and limbic (r = -0.47, p<0.001) modules while this relationship breaks down within 
fronto-striatal (p= n.s.), fronto-parieto-occipital (p= n.s.) and prefronto-temporal (p= n.s.) 
modules (for the complete set of all possible global and intra-modular partial correlation see 
Supplementary Fig. 3.5). 
3.4 Discussion 
In this study, we investigate age-related trajectories of multiple tissue property measures 
of the brain’s white matter to demonstrate a unique modular spatial pattern of lifespan 
change. The modules comprise cortico-cortical and cortico-subcortical pathways of 
synchronized lifespan tissue change, revealing prominent distinctions between fronto-striatal, 
callosal, fronto-parieto-occipital, prefronto-temporal and limbic networks. 
The lifespan modules emerge from a data-driven assessment of the multivariate age-
related trajectories measured across human white matter. The five-module solution is 
supported by maximizing the mean model responsibility (or posterior-probability) and a highly 
coherent modular organization emerges independent of the methods used to model the 
 
 
58 
 
tissue property trajectories (Supplementary Fig. 3.3). The callosal module is the earliest to 
mature and is typically the most stable over the lifespan. This is in agreement with previous 
results, which have described early maturation and relative stability for the corpus callosum 
and optic radiations (Kochunov et al., 2012; Lebel et al., 2012; Westlye et al., 2010; Yeatman 
et al., 2014). The fronto-striatal module also follows this pattern of early maturation and low 
lifetime change. In contrast, the prefronto-temporal and limbic modules peak late and exhibit 
the largest lifetime changes, corroborating previous reports of particularly large lifespan 
change in frontal and temporal white matter (Bartzokis et al., 2012; Kochunov et al., 2012; 
Lebel et al., 2012; Yeatman et al., 2014). 
One previous study (Imperati et al., 2011) attempted to cluster lifespan trajectories at the 
voxel level to reveal white matter regions of coherent lifespan change. The authors reported 
that major fiber bundles possessed coherent lifespan trajectories along their length, however 
the work was restricted to an analysis of FA measures and the study population of 144 
participants did not extend beyond 48 years of age. In the present study, the choice of 
clustering edge rather than voxel-based features was made in order to classify pathways with 
coherent microstructural change across the lifespan. These pathways are defined in relation 
to their cortical terminations allowing future work to investigate the relationship between 
white matter and grey matter lifespan trajectories (Storsve et al., 2016) and the influence of 
topological organization on microstructural tissue change (Collin et al., 2014; Scholtens et al., 
2014). 
The qMRI measurements used within this study are principally sensitive to local changes 
in myelin tissue volume (MT, R1) (Draganski et al., 2011; Lutti et al., 2014), iron deposition 
(R2*) (Fukunaga et al., 2010), intracellular volume fractions (ICVF) (Zhang et al., 2012) and 
cellular membrane organization (MD) (Beaulieu, 2002). Relating the qMRI measures to the 
aging brain, we note that myelin is particularly high in macromolecular and iron content, which 
would predict increasing MT, R1 and R2* during maturation. During this process, as increased 
numbers of axons become myelinated and axon diameters increase (Emery, 2010; Peters et 
al., 2001), an overall decrease in interstitial space takes place, leading to increased ICVF and 
decreased MD. During the repair process, degraded myelin is replaced with remyelinated 
sheaths of reduced length and thickness (Fancy et al., 2011), resulting in early increases to MD 
and decreases to MT and R1. With ongoing aging, degenerative processes begin to take 
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precedence and myelin sheaths become damaged or lost with a portion of axons degenerating 
(Peters, 2009). These processes would lead to significant decreases in MT, R1, R2* and ICVF. 
The degradation of cellular tissue increases interstitial space resulting in higher MD values in 
old age. These predictions are well supported by our data and occur globally across the white 
matter network. 
Beyond the general trend of maturation, maintenance and degradation periods across the 
brain it is the precise timings and extent of localized tissue change that provide the features 
that shape the lifespan module classifications. Multiple biological tissue processes are in 
action over the lifespan and the differing time-courses of these processes are beginning to be 
isolated and measured using multi-modal microstructure imaging (Yeatman et al., 2014). By 
combining multiple qMRI measurements with sensitivities to differing tissue processes, subtle 
alterations to neuronal and glial cell types might be characterized more formally (Sandell and 
Peters, 2002, 2001; Yeatman et al., 2014). However, the partially overlapping sensitivities of 
the qMRI measures should be carefully considered for accurate interpretation of results when 
inferring the biological processes driving an observed qMRI change. Additional sensitivities to 
iron deposition (R1) (Stüber et al., 2014), myelination (R2*, MD, ICVF) (Beaulieu, 2002; Stüber 
et al., 2014), voxel water volume (R1) (Gelman et al., 2001) and intracellular volume fractions 
(MD) (Beaulieu, 2002) provide important secondary signal contributions. If two qMRI 
measurements were to share a primary or secondary tissue sensitivity one might expect to 
observe robust correlations for all lifespan measures and modules. We do not observe robust 
partial correlations between MT, R2*, MD or ICVF, suggesting that these measures are largely 
independent or, perhaps, that an asynchronicity exists between their underlying microscopic 
processes (Fig. 3.4). In contrast the lifespan measures are very strongly correlated between 
MT and R1 both globally and within lifespan modules. This is reflective of these two measures 
being principally sensitive to the same myelination processes. Any differences between the 
measures are likely driven by the secondary dependence of R1 to the water volume within a 
voxel and localized iron content (Gelman et al., 2001; Stüber et al., 2014). R2* is primarily 
sensitive to such localized iron content (Fukunaga et al., 2010) and this shared sensitivity 
results in weaker but significant relationships between the R1 and R2* lifespan measures.  
Examining the rates of change across the lifespan reveals a posterior-anterior gradient 
during maturation followed by a reverse anterior-posterior gradient of decline in old age 
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(Supplementary Video 1). This observation is consistent with genetically mediated gradients 
of cortical surface expansion (Chen et al., 2013) and MRI descriptions of aging white matter 
(Gao et al., 2011). Furthermore, differences in peak maturation timings are apparent across 
the reported lifespan modules and act as a discriminating factor between modules (Fig. 
3.3).One possible explanation for the timing differences between the lifespan modules is that 
functional neuroanatomy plays a role in organizing tissue change along a hierarchical 
sequence of development (Greenfield, 1991). Connections that mediate more basic 
interhemispheric, motor or visual functions would reach maturity earlier than those involved 
in higher-order executive, social and emotional processing. Indeed, work in the macaque has 
shown protracted development and synaptic refinement in executive relative to sensory 
regions (Elston et al., 2009). Developmental studies in humans also provide evidence of earlier 
maturation in sensory-motor regions relative to higher-order association cortex (Krongold et 
al., 2015; Sotiras et al., 2017). Many of the cortical regions that develop latest are also the 
most evolutionarily novel (Hill et al., 2010), and increased evolutionary novelty has recently 
been associated with greater age related change (Sotiras et al., 2017). Within human white 
matter some of the most striking evolutionary expansion is reported to take place within 
prefrontal and ventral temporal regions (Rilling, 2014; Rilling et al., 2008). The topological 
correspondence of these observations with the prefronto-temporal module, for which we 
note delayed maturation and pronounced age-related vulnerability, provides a plausible link 
between evolutionary novelty, prolonged maturation, and age-related vulnerability in human 
white matter. 
The processes governing lifespan tissue changes are controlled via a combination of 
intrinsic genetic programs and extrinsic environmental influences. Evidence suggests that 
within mammalian white matter, levels of myelination (Emery, 2010; Gibson et al., 2014) and 
axonal caliber (Fancy et al., 2011) vary in response to electrical activity leading to ongoing 
experience dependent plasticity. Furthermore, appropriate levels of myelination are likely 
controlled by a number of intracellular signaling pathways which promote and/or inhibit 
myelination processes (Fancy et al., 2011). Within the human cortex, regional variations in 
maturational patterns have been shown to relate to shared genetic influences which may 
localize along functional lines (Chen et al., 2013) and extend to a regulation of tissue dynamics 
across the lifespan (Fjell et al., 2015). White matter microstructure is also heavily determined 
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by genetics (Chiang et al., 2009; Pfefferbaum et al., 2001), particularly during adolescence and 
in subjects with an above average intelligence quotient (IQ) (Chiang et al., 2011). These 
findings suggest that the degree of genetic control acting upon human white matter may vary 
across the lifespan and interact with environmental factors. 
How might dysfunction to a specific lifespan module manifest itself in a disease state? A 
number of studies have begun to link functional and developmental modules to disease 
vulnerability within human grey matter (Alexander-Bloch et al., 2014; Douaud et al., 2014; 
Seeley et al., 2009). We hypothesize that disruptions to a specific subset of the mechanisms 
coordinating a white matter lifespan module may underlie certain network dysfunction across 
a range of developmental and neurodegenerative disorders (Alexander-Bloch et al., 2014; 
Zhang et al., 2013). Such questions demand future investigations linking genetic and 
environmental influences to maintenance and degradation processes in human white matter. 
The study population of 659 individuals used to conduct this analysis represents one of 
the largest investigations of white matter tissue changes from adolescent development to old 
age senescence. Previous reports have typically studied populations comprising 100-430 
individuals (Bartzokis et al., 2012; Lebel et al., 2012; Westlye et al., 2010; Yeatman et al., 2014).  
Furthermore, these data provide the first benchmark of non-linear MT, R2* and ICVF changes 
across the lifespan and a multivariate assessment of 5 uniquely specific tissue measurement 
trajectories. One point of consideration is that by using cross-sectional data only one 
measurement per subject was made and as such the observed trajectories do not necessarily 
represent the expected lifespan changes within individuals. Longitudinal studies offer a more 
powerful assessment of intra-subject tissue change however, only a few studies of longitudinal 
lifespan tissue change have been conducted to date (Sexton et al., 2014; Storsve et al., 2016) 
while the vast majority of investigations have studied cross-sectional datasets (Bartzokis et al., 
2012; Callaghan et al., 2014; Kochunov et al., 2012; Lebel et al., 2012; Westlye et al., 2010; 
Yeatman et al., 2014). Future longitudinal studies conducted on large subject populations 
from childhood through old age may be able to apply more complex models to the 
investigation of tissue microstructure trajectories across the lifespan. 
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Conclusion 
This data-driven assessment of MT, R1, R2*, MD, and ICVF age-related trajectories 
demonstrates modular patterns of coordinated tissue change across the human lifespan and 
contributes toward greater understanding of white matter development and aging. By 
characterizing normal maturation and aging trajectories as well as their spatial variation, 
optimal windows of intervention in certain disease phenotypes might be deduced, enabling a 
mitigation of neurocognitive decline. Future work linking coordinated white matter 
development to genetic, environmental and behavioral data may begin to shed light on the 
complex relationships between biological tissue processes, cognition and disease 
vulnerability. 
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4. Hierarchical modularity and microstructural enrichment of the brain’s 
integrative architectures 
4.1 Introduction 
Healthy cognitive function is dependent upon the global integration of information 
between segregated brain systems communicating across a complex axonal architecture, the 
human connectome (Sporns et al., 2005). Recent work suggests that modular and hierarchical 
connectivity architectures are best suited for the dual requirements of local (segregated) 
functional specialization and global integration of segregated brain functions (Moretti and 
Muñoz, 2013 ; for a review see Park and Friston, 2013 and/or Sporns, 2013). Across the brain, 
certain regions (nodes) play a more prominent role in the integration of brain functions than 
others (Bertolero et al., 2015; Heuvel et al., 2010; Zuo et al., 2012). Lesions to these putative 
‘hub’ regions have been implicated in an array of brain disorders (Crossley et al., 2014; van 
den Heuvel et al., 2013), often resulting in pervasive cognitive impairment (Aerts et al., 2016; 
Warren et al., 2014). It is an intuitive and appealing idea to consider brain networks as 
organized into modular systems across many scales, progressively grouping together to form 
local circuits and cortical columns, all the way up to specialized regions and brain systems 
(Park and Friston, 2013). At each level, nodes form denser intra- to inter-modular connectivity 
and group together with increasing scale to form a network hierarchy. The importance of 
hierarchical modularity in cognition and behavior is underscored by evidence that these 
architectures are responsible for an expanded range of neural dynamics, facilitating cognitive 
flexibility and complex behaviors (Moretti and Muñoz, 2013; Rubinov et al., 2011). The 
concept of hierarchically modular brain architectures has been around for more than 50 years 
(Simon, 1962) but investigations of such organization in human structural brain networks has 
only begun to be addressed recently (Bassett et al., 2008; Betzel et al., 2013; Lohse et al., 
2014). 
The most common method for identifying brain network hubs has been to report regions 
with above average connectivity (degree) and a central role within the network (Buckner et 
al., 2009; Gong et al., 2009; Hagmann et al., 2008). A subset of the most densely connected 
hub regions have ‘rich’ interconnectivity between themselves and form what has been termed 
the brain’s anatomical ‘rich club’ (van den Heuvel and Sporns, 2011). The rich club architecture 
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of the human brain has been shown to exhibit a high wiring cost (van den Heuvel et al., 2012) 
and preliminary evidence suggests that rich club regions and connections exhibit elevated 
levels of metabolic energy usage and microstructural organization (Collin et al., 2014; Mancini 
et al., 2017). The high cost feature of rich club brain architectures might be compensated by 
the crucial role these structures play in facilitating whole-brain communication (Bullmore and 
Sporns, 2012). 
Although descriptions of rich-club organization highlight the importance of a densely 
interconnected and central subnetwork, these descriptions do not directly consider the 
integration of information between segregated and (hierarchically) modular network 
structures. An alternative route to identifying integrative brain regions is to investigate brain 
network modularity (see Sporns and Betzel, 2015 for a review) and to classify nodes based on 
their connectivity to other modules (participation) and level of connectivity within their own 
module (within-module degree) (Guimerà and Nunes Amaral, 2005; Meunier et al., 2009). 
Topological analyses of tract tracing data from the macaque cerebral cortex have revealed 
modular connectivity architectures in which network communities are cross-linked by a small 
number of densely interconnected hub regions (Harriger et al., 2012). Further work has begun 
to link macroscopic measures of brain modularity, such as a region’s participation coefficient, 
with cortical microstructure measures of neuronal complexity (Scholtens et al., 2014). Despite 
growing evidence for a relationship between modular network architectures and tissue 
microstructural organization in the macaque such questions remain poorly understood in 
humans (Harriger et al., 2012; van den Heuvel and Yeo, 2017). Bridging the gap between 
microscale and macroscale descriptions of brain network hierarchy may elucidate how 
features of nervous system organization across multiple scales interact to support cognitive 
function and how disruption to these processes results in mental disorders (Fields et al., 2015; 
Fornito et al., 2015; Petersen and Sporns, 2015; van den Heuvel and Yeo, 2017). 
Here we focus on the relationship between the modular organization of structural 
networks and non-invasive measures of tissue microstructure in the living human brain. We 
acquired structural connectivity data using state-of-the-art diffusion weighted imaging (DWI) 
tractography procedures (Jeurissen et al., 2014; Smith et al., 2015a, 2012). We hypothesized 
that by applying a novel modularity detection algorithm (OSLOM; Lancichinetti et al., 2011) 
hierarchically modular architectures would be revealed in human structural connectivity 
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networks (Betzel and Bassett, 2016; Park and Friston, 2013). To provide additional support to 
our findings each stage of the analysis was reproduced on an independent replication dataset 
from the Human Connectome Project (http://www.humanconnectome.org; Van Essen et al., 
2013). It was hoped that the discovery of consistent properties across the two complimentary 
datasets would underscore both the replicability and robustness of the findings. The 
integration of diffusion tractography data with microstructural imaging has been proposed as 
an important direction for future connectivity analyses (Daducci et al., 2016; van den Heuvel 
and Yeo, 2017). We therefore combined the structural connectivity data with quantitative 
magnetic resonance imaging (qMRI) tissue microstructure measurements. The multi-modal 
tissue microstructure measurements used in this study provide sensitivities to myelin - MT, R1 
& T1w/T2w (Draganski et al., 2011; Glasser and Van Essen, 2011; Lutti et al., 2014); axonal 
packing densities and fiber dispersion - ICVF, FA & ODI (Jones et al., 2013; Zhang et al., 2012); 
cellular membrane organization - MD (Beaulieu, 2002); and local iron concentrations - R2* 
(Fukunaga et al., 2010). Given a modular network architecture, we further hypothesized that 
regions and pathways supporting the integration of information across communities would 
exhibit elevated levels of microstructural enrichment in line with the critical nature of these 
structures for ensuring coherent communication across the network (Bullmore and Sporns, 
2012; Collin et al., 2014; Scholtens et al., 2014). We compare our results to previous studies 
that have linked topological measures to tissue microstructure as well as exploring how our 
findings align with current understanding of the network hub architectures of the human 
brain. 
4.2 Material and methods 
Subjects 
The principle CoLaus dataset comprised imaging data from 38 healthy volunteers (16 
female) recruited from the Lausanne regional area of Canton Vaud, Switzerland as part of their 
ongoing participation in the CoLaus | PsyCoLaus Study (Firmann et al., 2008; Preisig et al., 
2009). All volunteers (mean age 21.7±1.9 yrs) were screened for brain disorders prior to study 
acceptance. The local ethics committee approved all data collection procedures and written 
informed consent was given by each participant. The authors state that they have obtained 
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approval from the Colaus Data Sharing and Publications Committee for use of the data and 
confirm that the data were analyzed anonymously. 
MRI data acquisition 
All imaging for the principle dataset was performed on a 3T whole-body MRI system 
(Magnetom Prisma, Siemens Medical Systems, Germany) using a 64-channel RF receive head 
coil and body coil for transmission. Visual inspection of study participant data confirmed an 
absence of neither macroscopic brain abnormalities nor obvious vascular pathology. The 
imaging data for all subjects included in the study underwent a stringent quality control 
assessment (see Quality assurance procedures). 
Multi-parameter maps (MPMs) 
The qMRI protocol consisted of three whole-brain multi-echo 3D fast low angle shot 
(FLASH) acquisitions with predominantly magnetization transfer-weighted (MTw: TR/α = 
24.5ms/6°), proton density-weighted (PDw: TR/α = 24.5ms/6°) and T1-weighted (T1w: 
24.5ms/21°) contrast (Helms et al., 2009, 2008; Weiskopf et al., 2013b). The MT-weighted 
contrast was obtained using a Gaussian-shaped radio frequency (RF) pulse prior to the RF 
excitation (4ms duration, 220° nominal flip angle, 2 kHz frequency offset from water 
resonance). Multiple gradient echoes were acquired for each contrast with alternating 
readout polarity. The minimal echo time was 2.34ms and the echo spacing was 2.34ms. The 
number of echoes was 6/8/8 for the MTw/PDw/T1w acquisitions to keep the TR value identical 
for all contrasts. The image resolution was 1 mm3 isotropic, the field of view and the matrix 
size were 256 × 240 × 176 mm. Parallel imaging was used along the phase-encoding direction 
(acceleration factor 2 with GRAPPA reconstruction) (Griswold et al., 2002), partial Fourier 
(factor 6/8) was used along the partition direction. Data were acquired to calculate maps of 
the RF transmit field B1+ using the 3D echo-planar imaging (EPI) spin-echo (SE) and stimulated 
echo (STE) method described in (Lutti et al., 2012, 2010). The image resolution of the B1-
mapping data was 4mm3, and the echo and repetition times were set to 39.06ms and 500ms 
respectively. The nominal flip angle of the SE pulse was decreased from 230o to 130o in steps 
of 10o (Lutti et al., 2012, 2010). B0-field mapping data was acquired using a 2D double-echo 
FLASH sequence to correct for geometric distortions in the 3D EPI data (Lutti et al., 2012, 
2010). The total acquisition time was 27 min. 
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Diffusion weighted imaging (DWI) 
The diffusion weighted MRI data were acquired using a 2D echo-planar imaging sequence 
with the following parameters: TR/TE = 7420/69ms, parallel GRAPPA acceleration factor = 2, 
FOV = 192 x 212 mm2, matrix size = 96 x 106, 70 axial slices, 2 mm isotropic voxel dimension, 
118 isotropically distributed diffusion sensitization directions (15 at b = 650 s/mm2, 30 at b = 
1000 s/mm2 and 60 at b = 2000 s/mm2) and 13 b=0 images interleaved throughout the 
acquisition. 
Human Connectome Project (HCP) Data 
Data for the secondary HCP dataset comprising 244 subjects (mean age = 24.2 ± 2.4 yrs; 
92 female) were downloaded from the Human Connectome Project (HCP) database 
(https://db.humanconnectome.org/; Marcus et al., 2011) to form the secondary replication 
dataset. The ‘Structural Extended Preprocessed’ and ‘Diffusion Preprocessed’ data packages 
were downloaded for each subject. Full details regarding the HCP data acquisition and 
preprocessing strategies have been reported previously (Feinberg et al., 2010; Glasser et al., 
2013; Jenkinson et al., 2012, 2002; Milchenko and Marcus, 2013; Moeller et al., 2010; 
Setsompop et al., 2013, 2012, Sotiropoulos et al., 2013a, 2013b). The diffusion spin-echo EPI 
data were acquired with the following parameters: TR/TE = 5520/89.5ms; flip angle = 78°, 
refocusing flip angle = 160°; FOV = 210x180mm, matrix = 168x144; slice thickness = 1.25mm, 
111 slices, 1.25mm isotropic voxels; multiband factor = 3; phase partial Fourier factor = 6/8; 
b-values 1000, 2000, 3000 s/mm2. The T1w (3D MPRAGE) and T2w (3D T2-SPACE) images both 
had an isotropic voxel resolution of 0.7mm. We took the ratio of these images to form 
T1w/T2w ratio images which have previously been proposed to reflect indirect levels of tissue 
myelination (Glasser and Van Essen, 2011; Shafee et al., 2015). 
MRI data preprocessing 
Multi-parameter maps (MPMs) 
The R2*, MT and R1 quantitative maps were calculated as previously described (Draganski 
et al., 2011) using in-house software running under SPM12 (Wellcome Trust Centre for 
Neuroimaging, London, UK; www.fil.ion.ucl.ac.uk/spm) and Matlab 7.11 (Mathworks, 
Sherborn, MA, USA). The R2* maps were calculated from the regression of the log-signal of 
the eight PD-weighted echoes. The MT and R1 maps were computed as described in (Helms 
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et al., 2008), using the MTw, PDw and T1w images averaged across all echoes. The R1 maps 
were corrected for local RF transmit field inhomogeneities using the B1+ maps computed from 
the 3D EPI data (Helms et al., 2008) and for imperfect RF spoiling using the approach described 
by Preibisch and Deichmann (2009). 
Surface reconstruction and subcortical segmentation 
For the principle dataset each participant’s MT image was processed using the FreeSurfer 
version 5.3.0 software package pipeline (www.surfer.nmr.mgh.harvard.edu). FreeSurfer is 
optimized to work with T1w images, however MT images have comparable GM/WM contrast 
to T1w images and we found the surface reconstructions to be of comparably high quality. 
Any subjects with surface defects were either fixed or excluded from the analysis (see Quality 
assurance procedures). The standard FreeSurfer pipeline reconstructs an individual’s cortical 
and white matter surfaces from the participant’s structural image data. The following steps 
comprise the surface preprocessing pipeline: correction of image intensity variations due to 
MR inhomogeneities (Dale et al., 1999); skull stripping (Ségonne et al., 2004); cortical grey 
matter (GM) and white matter (WM) segmentation (Dale et al., 1999); separation of the brain 
hemispheres and subcortical structures (Dale et al., 1999; Fischl et al., 2004, 2002); and finally 
a set of grey/white matter interface and pial surfaces for both brain hemispheres (Dale et al., 
1999). For the secondary HCP dataset a similar FreeSurfer pipeline is run by default and 
included in the ‘Structural Extended Preprocessed’ packages. After surface reconstruction, the 
surfaces for each individual participant were used to estimate transformations that achieved 
maximal correspondence between the sulcal and gyral patterns of the individual and those of 
an average brain (Fischl et al., 1999a, 1999b). This information was later used to bring a high-
resolution cortical parcellation (Gordon et al., 2016) into each individual’s native image space. 
The FSL FAST tool (Smith, 2002; Zhang et al., 2001) was used to segment MT or T1w (for 
HCP data) into tissue probability maps for WM, GM and CSF. Subcortical structures were 
segmented using the FSL FIRST tools (Patenaude et al., 2011). These structural segmentation 
preparations are described in detail in Smith et al. (2015a) and are necessary for the 
anatomically constrained tractography (ACT; Smith et al., 2012) procedures used later to build 
the structural connectome. 
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Diffusion weighted imaging (DWI) 
DWIs were preprocessed to correct for eddy currents and subject motion using the FSL 
EDDY tool (Andersson and Sotiropoulos, 2016) and the gradient directions were appropriately 
rotated to correct for subject movement (Leemans and Jones, 2009). The B0 maps acquired 
as part of the structural imaging session were used to correct for EPI susceptibility distortions 
with the SPM field mapping toolbox (Hutton et al., 2002). The DWI images were then rigid 
body aligned to the MT image with the aid of the mean b=0 image using SPM12.  
Diffusion tensor imaging (DTI; Basser et al., 1994) maps were estimated on the b=0 s/mm2 
and b=1000 s/mm2 data using a constrained non-linear least-squares (CNLLS) algorithm (Koay 
et al., 2006). Tensor summary statistic maps were saved for fractional anisotropy (FA), mean 
diffusivity (MD), radial diffusivity (RD) and axonal diffusivity (AD). The neurite orientation 
dispersion and density imaging (NODDI; Zhang et al., 2012) maps were processed with the 
AMICO toolbox (Daducci et al., 2014) using multi-shell diffusion data across all of the acquired 
b-values. NODDI output maps were saved for the intracellular volume fraction (ICVF) and 
orientation dispersion index (ODI).  
Estimation of g-ratio maps 
The g-ratio is defined as the ratio between the inner axon radius and the outer, 
myelinated, axon radius and is a fundamental property of axonal organization and conduction 
(Waxman, 1975). We applied a recently developed technique (Campbell et al., 2012; 
Mohammadi et al., 2015; Stikov et al., 2015) for estimating the g-ratio non-invasively using a 
combination of diffusion microstructure and quantitative myelin imaging. The MRI derived g-
ratio, g, was calculated voxel-wise as 
𝑔 = √
1
1 +
𝑀𝑉𝐹
𝐴𝑉𝐹
= √
1
1 +
𝛼𝑀𝑇
(1 − 𝛼𝑀𝑇)(1 − 𝜈𝑖𝑠𝑜)𝜈𝑖𝑐
 
where MVF is the myelin volume fraction, AVF is the axonal volume fraction, MT is the 
quantitative magnetization transfer measurement and 𝜈𝑖𝑠𝑜 / 𝜈𝑖𝑐 are respectively the isotropic 
(ISO) and intracellular (ICVF) volume fractions estimated from the NODDI diffusion model. The 
normalization factor, 𝛼, was estimated following previous approaches (Cercignani et al., 2016; 
Dean et al., 2016; Mancini et al., 2017; Mohammadi et al., 2015). The 𝛼 value was selected by 
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normalizing the MR g-ratio to a value of g=0.7 in the splenium across 11 subjects (mean age = 
26.5±1.41 yrs) taken from an independent dataset with an identical acquisition protocol. The 
value of g=0.7 has been described for the type of large axons typically found within the 
splenium using ex-vivo electron microscopy (Graf von Keyserlingk and Schramm, 1984). The 
median value derived across the 11 subjects was found to be α=0.23 and this was used as the 
normalization factor in all further processing of the main CoLaus dataset. 
Quality assurance procedures  
The data for all subjects included in the study underwent a stringent quality control 
assessment. An experienced investigator visually assessed the preprocessed neuroimaging 
data based on the following criteria: 1) Quantitative MPM maps (MT, R1, R2*) rated for 
movement artifacts and abnormal white matter signal intensities; 2) Diffusion and structural 
MRI image alignment; 3) Quality of the diffusion FA maps and tensor residuals; 4) Reliability 
of the pial and white matter surface reconstructions; 5) Accuracy of the tissue type 
segmentation and parcellations. If data failed any of these quality assessment criteria the error 
was either corrected or the relevant subject was excluded from the study. 
Diffusion tractography 
All processing procedures described within this section were performed using the MRTrix3 
software package (www.mrtrix.org; Tournier et al., 2012) and were run for the principle and 
secondary datasets. The constrained spherical deconvolution (CSD; Tournier et al., 2007, 
2004) fiber orientation densities (FODs) were calculated using a multi-shell, multi-tissue CSD 
(MSMT-CSD) algorithm (lmax = [0, 2, 6, 10] for WM) which has been shown to reduce the 
presence of spurious fiber orientation distribution function (fODF) peaks in voxels containing 
GM and/or CSF partial volumes (Jeurissen et al., 2014). All tractography streamline 
reconstructions were made using the probabilistic 2nd-order Integration over fiber orientation 
distributions (iFOD2) algorithm (Tournier et al., 2010) in conjunction with the ACT framework 
(Smith et al., 2012). The following parameters were used for streamline tracking of each study 
participant: number of accepted streamlines 20 million, step size 1 mm, maximum curvature 
per step 45°, length 5-250 mm, FOD amplitude threshold 0.1. We used a dynamic seeding 
algorithm (R. E. Smith et al., 2015b) to promote optimal streamline densities supported by the 
FODs during tracking. The SIFT algorithm (Smith et al., 2013) was applied to filter down to the 
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10 million streamlines best supported by the FOD data before applying the SIFT2 algorithm (R. 
E. Smith et al., 2015b) to provide relative weights of the remaining 10 million streamlines. This 
state-of-the-art diffusion tractography pipeline has been shown to generate robust and 
reproducible connectomes, avoiding streamline density and connectivity biases associated 
with earlier approaches (R. E. Smith et al., 2015a). 
Connectome construction 
As part of the structural preprocessing procedures a high-resolution cortical parcellation 
(Gordon et al., 2016) was projected on the cortical surfaces of each subject. The surface 
parcellations were converted into volume images by projecting the surface labels onto voxels 
between the GM/WM interface and pial surfaces. For each study participant, there now 
existed a parcellation image in native space containing a total of 332 cortical structures. 
Tractography streamline endpoints were mapped to their nearest parcellation nodes. If a 
node was not located within a 4 mm radius of a streamline termination then this streamline 
was excluded from the connectome construction (R. E. Smith et al., 2015a). Streamlines 
connecting to the same node at both ends were excluded, and thus the diagonal entries were 
zero for all adjacency matrices.  
The effects of false positives and false negatives in structural connectivity datasets can 
have detrimental effects on the estimation of topological network measures (Zalesky et al., 
2016). We applied a group-thresholding approach (de Reus and van den Heuvel, 2013) 
designed to balance between the elimination of false positive and false negative connections 
present in the individual subject connectomes. First of all, for each subject, if any connection 
was found to possess less than 10 streamlines it was considered spurious and therefore 
deleted (van den Heuvel et al., 2012).  The remaining connections were compared across 
subjects and only those edges found to be present in at least 60% of individuals were 
preserved, the remaining edges were deleted. The group threshold of 60% has been suggested 
as a suitable value for balancing trade-offs between false positives and false negatives (de 
Reus and van den Heuvel, 2013). Group-averaged weighted connectivity matrices were then 
estimated by taking the average connection strength across individuals. 
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Quantification of white matter tissue properties 
In addition to counting the absolute number of streamlines connecting any two 
parcellation nodes, we generated adjacency matrices weighted by quantitative tissue 
measures along the connecting streamlines: for each streamline a quantitative MRI measure 
was sampled along its length; these samples were then averaged along the length of each 
streamline; finally, these values were averaged across all streamlines corresponding to each 
edge in the connectome (i.e. connecting the same nodes). This provided mean microstructure 
measures for each edge of the connectivity matrix. For each subject of the principle dataset, 
we generated 10 quantitative MRI adjacency matrices (weighted by MT, R1, R2*, FA, MD, RD, 
AD, ICVF, ODI and g-ratio) in addition to the adjacency matrices weighted by total streamline 
count and mean streamline length. In the secondary dataset we generated 7 tissue 
microstructure weighted adjacency matrices (weighted by FA, MD, RD, AD, ICVF, ODI and 
T1w/T2w). All adjacency matrices had their streamline contributions weighted by the 
corresponding SIFT2 weights to improve robustness and biological accuracy of the structural 
connectomes (R. E. Smith et al., 2015a). The variability of mean streamline edge lengths across 
subjects was considered as a potential confound and was therefore regressed out of all 
microstructure weighted adjacency matrices. 
Structural covariance 
Intracortical measures for MT, R1, R2* and MD were sampled from each subject’s mid-
cortical surface. These individuals’ intracortical measures, as well as FreeSurfer generated 
cortical thickness estimates, were averaged across each of the 332 parcellated node regions. 
Prior to the correlation analysis linear regression was performed on every region to remove 
the effects of age, gender and age-gender interaction. The residuals of this regression were 
then used to determine the statistical similarity or synchronized co-variations in nodal (micro-
)structure by computing the Pearson’s correlation coefficient across subjects (He et al., 2007). 
Hence Pearson’s correlation matrices were constructed for each measure which described the 
region by region co-variation across subjects. 
Modularity estimation 
Several methods have been proposed to detect modular organization (also termed 
community structure) in network data. One of the most widely applied methods is known as 
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modularity maximization (Newman and Girvan, 2004) and this has been used to detect 
modules in experimental animal and human brain networks (Bassett et al., 2010; Crossley et 
al., 2013; Harriger et al., 2012; Lohse et al., 2014; Towlson et al., 2013). Despite the 
widespread use of modularity maximization techniques there is a growing appreciation for the 
method’s shortcomings and practical considerations (Betzel and Bassett, 2016; Sporns and 
Betzel, 2015). As network size and the number of modules increases, the number of partitions 
which achieve near optimal separation grows exponentially resulting in a degeneracy of 
partitions with high evidence (Good et al., 2010). The degeneracy of plausible modularity 
assignments becomes particularly problematic if the partitions are dissimilar and due to the 
fact that modularity maximization procedures require network nodes to be assigned to a 
single module. Furthermore, a resolution limit exists whereby modules of a sufficiently small 
size may become impossible to detect under certain conditions (Fortunato and Barthélemy, 
2007). 
A recently proposed method for community detection termed Order Statistics Local 
Optimization Method (OSLOM) (Lancichinetti et al., 2011) overcomes a number of these issues 
by applying statistical tests of how likely a putative partition is relative to an appropriate null 
model (Lancichinetti et al., 2010). OSLOM applies a growing-pruning model to test for the 
significance of adding and removing putative nodes to a module and resolves the set of nodes 
with maximal statistical evidence. This also allows OSLOM to check for the statistical 
significance of partitions generated from alternative schemes such as the modularity 
maximization algorithm. Because the optimization scheme operates on local network 
information OSLOM does not suffer from the resolution limit problem, is robust to small 
changes to global rather than local network structure and allows for nodes to be assigned to 
multiple modules if their inclusion as such leads to maximal model evidence. Finally, OSLOM 
inherently checks if the smallest detected modules can be grouped into larger communities 
and if these can then be grouped into even larger communities, making OSLOM unique in its 
ability to innately detect hierarchically modular organization in network data. 
Here, we estimated structural network partitions/covers by entering the group-averaged 
weighted-connectivity matrices into the OSLOM community detection algorithm 
(Lancichinetti et al., 2011). We define a cover of the network as the set of modules such that 
each node is assigned to at least one module, extending the concept of network partitions to 
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include cases of overlapping communities. The community detection algorithm proceeded as 
follows: First, 100 network partitions were estimated for each of the InfoMap (Rosvall and 
Bergstrom, 2008), Louvain (Blondel et al., 2008) and Copra (Gregory, 2010) modularity 
detection algorithms. In addition, 200 instances of the OSLOM community detection search 
algorithm were run making a total of 500 putative network covers to be assessed for 
significance. The algorithm then applies the growing-pruning model to determine the most 
probable node groupings before combining the results of all cover estimates by comparing the 
scores of each module (see Lancichinetti et al., 2011 for full details). The use of multiple 
algorithms and a large number of cover instances is motivated by the idea that this will lead 
to a better exploration of possible network covers (Sporns and Betzel, 2015) and to account 
for evidence that the use of multiple community detection algorithms can reveal subtle 
differences in the set of putative community assignments (Power et al., 2011).  
Connector, satellite, provincial and peripheral node classes 
Given the existence of a viable network cover, each node’s topological role was assigned 
by measuring the node’s participation coefficient (P) and within-module-degree z-score (Z) 
(Guimerà and Nunes Amaral, 2005). Edge weights were used to calculate P in order to model 
the relative bandwidth that a node is dedicating to inter-modular communication as well as 
to minimize the influence of low weight false-positive connections (Zalesky et al., 2016). 
Because the OSLOM community detection algorithm allows for nodes to be assigned as 
members of multiple communities a large number of community structure vectors are 
possible, accounting for each combination of node-module assignments. The total number of 
possible community structure vectors scales exponentially with the number of nodes assigned 
to multiple modules and the number of modules these nodes are simultaneously assigned to. 
Thus, we calculated P and Z for each node as the average value estimated across 10,000 
possible community structure permutations. The 70th percentiles for P and Z were set as the 
threshold to allocate each node into one of 4 classes: connector hubs (high P, high Z); satellite 
nodes (high P, low Z); provincial hubs (low P, high Z); and peripheral nodes (low P, low Z). 
Similar approaches have been used within the literature to assign modular node classes via P 
and Z thresholds (Bertolero et al., 2015; Guimerà and Nunes Amaral, 2005; Meunier et al., 
2009; Nicolini et al., 2017). This process of modular node classification was applied at each 
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level of the detected hierarchically modular network structure to provide node classes across 
multiple levels of network organization. 
For each subject, connecting white matter edge classes were defined based on the 
modular node classes of their cortical terminations. Four distinct connection types were 
examined in order to study differences in microstructural organization from the most highly 
integrative to the most highly segregated connections: connector-connector, connector-
satellite, peripheral-provincial and peripheral-peripheral network edges.  
Rich club organization of the human connectome was investigated in order to compare 
modular class organization to the spatial distribution of nodes comprising the anatomical rich 
club. Full details of the anatomical rich club analysis are included as part of the supplementary 
methods material. 
Structural properties across modular node classes and connections 
White matter connectivity and microstructural organization 
Following previous approaches within the literature (Collin et al., 2014; Mancini et al., 
2017), structural connectivity data derived from the tractography, DTI, NODDI, MPM and g-
ratio pre-processing were used to examine differences in white matter connectivity properties 
across the four modular edge classes. The number of streamlines (NOS) was used as a semi-
quantitative measure of connection strength between nodes. Due to the state-of-the-art 
tractography scheme used in this study the NOS measure can be thought of as analogous to a 
pathway’s cross-sectional area (Raffelt et al., 2012; R. E. Smith et al., 2015a, 2015b). The length 
measure between two nodes was taken as the mean length of connecting streamlines. The 
edge cost measure (or connection volume) is defined as the total number of connecting 
streamlines forming an edge multiplied by their mean length (van den Heuvel et al., 2012). 
Measures of microstructural organization and myelination (FA, MD, RD, AD, MT, R1, R2* ICVF, 
ODI, g-ratio and T1w/T2w) were taken from the microstructure weighted adjacency matrices 
(see Quantification of white matter tissue properties). For each individual subject, mean values 
of the white matter edge measures were computed for connector-connector, connector-
satellite, peripheral-provincial and peripheral-peripheral modular edge classes by averaging 
the measure across all edges assigned to a particular class at the lowest hierarchical level.  
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Structural covariance of grey matter tissue properties 
We estimate structural covariance measures between cortical structures to investigate 
how intracortical microstructure (MT, R1, R2* and MD) and cortical thickness measures covary 
in the study population (Chen et al., 2008; Melie-Garcia et al., 2017). These measures provide 
node-to-node estimates but provide one population averaged covariance matrix rather than 
one microstructural matrix per subject (as per the White matter connectivity and 
microstructural organization assessment). As with the white matter measures, mean values 
for the structural covariance metrics were computed for connector-connector, connector-
satellite, peripheral-provincial and peripheral-peripheral modular edge classes by averaging 
the measure across all edges assigned to a particular class. 
Statistical testing 
Statistical differences between classes were assessed with permutation testing (Collin et 
al., 2014; van den Heuvel et al., 2012). Node classes were randomly reassigned across 10,000 
permutations, each of which preserved the original number of nodes assigned to each class. 
For each permutation, edge classes were determined based on the permuted cortical node 
classes and the metric of interest was averaged over each of these edge classes. The 
differences between the mean values of each edge class, across all permutations, formed the 
null-distribution of differences which could be observed under the null hypothesis stating that 
modular edge classifications show no significant differences. P-values were determined by 
calculating the proportion of random null-distribution values which were greater than the 
differences observed in the true modular classification. 
The consistency of modular structures for the CoLaus and HCP datasets were assessed via 
the normalized mutual information (NMI), a reliable measure of community structure 
similarity derived from information theory (Danon et al., 2005). For each dataset a node by 
module (NxM) matrix was constructed such that the ijth element indicated if the ith node was 
a member of the jth module. Pair-wise NMI measures, estimating the similarity of each 
module across the two datasets, were then estimated (Meilă, 2007). Furthermore the global 
cover similarities were assessed by applying a NMI measure that takes into account the 
presence of overlapping communities (Lancichinetti et al., 2009).  To test for significance a set 
of randomized control networks were constructed for each dataset which redistributed the 
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weighted network edges, shuffling topology and decorrelating weights whilst maintaining the 
original network strength sequence (Alstott et al., 2014; Rubinov and Sporns, 2011).  
Community structure was then estimated for each randomized control network using the 
same OSLOM algorithm, before estimating the module-by-module and global NMI measures 
(100,000 pair-wise random network comparisons). This provided a null-distribution of possible 
network similarity measures that could be observed under the null hypothesis stating that the 
community structures of the two datasets show no significant similarities (Traag et al., 2013). 
4.3 Results 
General network properties and topological observations 
The group averaged connectivity matrix had a network density of 17%. The mean number 
of streamlines across connecting edges was 411 with standard deviation 1302 forming a heavy 
tailed distribution (Supplementary Fig. 4.1). 47.0% of the total streamline density was 
observed within associative pathways of the left hemisphere, 46.3% within right hemisphere 
association pathways and 6.7% of streamlines formed inter-hemispheric connections 
(homotopic and heterotopic). Global network measures for the principal and secondary 
datasets are detailed in Table 4.1. 
Hierarchical modularity 
Modularity estimation was performed on the CoLaus group averaged connectivity matrix 
using the OSLOM community detection algorithm (Lancichinetti et al., 2011). The resulting 
cover (Fig. 4.1a) divided the 332 cortical nodes into 12 modules at the first and lowest 
hierarchical level (colored lines), 4 modules at the second hierarchical level (dashed lines) and 
2 modules at the third and highest hierarchical level (dotted lines). 
Table 4.1. Global network measures for the principle CoLaus dataset and human connectome project (HCP) replication 
dataset. 
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The 12 modules at level 1 are represented on a hierarchical circular graph layout (Fig. 
4.1b), where the nodes are placed in circles if they belong to the same module, and modules 
are placed near to each other if they possess many inter-modular connections and/or group 
together to form modules at higher levels. A total of 13 nodes were determined to lie across 
multiple modules (2 modules in each instance) and these are represented as black nodes 
placed equidistantly between their multiple community assignments. The modules at level 1 
cover the cortex into spatially contiguous communities which broadly align with well 
described brain systems specialized for different domains of behavior and cognition. The 12 
modules can be summarized as follows: 1) left central-parietal (light-blue); 2) left temporo-
insular (dark-blue); 3) left ventral visual stream (light-purple); 4) left medial (dark purple); 5) 
bilateral orbitofrontal (red); 6) left prefrontal (pink); 7) right medial (light orange); 8) right 
prefrontal (orange); 9) right posterior parietal (brown); 10) right motor (yellow); 11) right 
Figure 4.1. Hierarchical modularity in human brain anatomical networks. a) Adjacency matrix displaying the three-level 
modular cover structure. Modules at level 1 (lowest level) are highlighted with colored boxes; modules at level 2 are 
indicated using dashed lines; at level 3 (highest level) the brain divides into two modules indicated by dotted lines. b) 
Level 1 hierarchical circular graph layout. Nodes (circles) are organized into colored rings defined by their level 1 module 
participation and scaled by their degree. Modules are placed near to each other if many intermodular connections exist. 
If a node was found to be statistically associated with multiple modules it was placed equidistant between its member 
modules (black circles). Edges are scaled by their total number of connecting streamlines and colored as a combination 
of the two connecting modules. c-f) Cortical surface maps displaying the spatial organization of level 1 modules into the 
four modules of level 2. 
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lateral temporal (light green); 12) right ventral visual stream (dark green). Modular 
organization at hierarchical level 1 is expanded upon in Supplementary Fig. 4.2. In general, the 
modular patterns for the left and right hemispheres are highly symmetric, with each module 
in the left hemisphere possessing an equivalent module in the right hemisphere. One 
exception of note relates to the modules containing nodes connected by the major language 
pathways (modules 1, 2, 9 & 11; Catani et al., 2005) where superior parietal and central 
modules are separated in the right (but not left) hemisphere and the left temporo-insular 
module extends rostrally to include portions of the pars opercularis. 
At the second hierarchical level four sub-modules of the left hemisphere group together 
to form a large posterior module connecting occipital, temporal, sensorimotor and medial 
cortices (Fig. 4.1c; modules 1-4). A second bilateral module connects prefrontal, orbitofrontal 
and medial cortices (Fig. 4.1d; modules 4-8). The third and fourth modules at the second 
hierarchical level connect right-hemispheric fronto-parietal (Fig. 4.1e; modules 8-10) and 
occipito-temporal (Fig. 4.1f; modules 11 & 12) cortices respectively. It is worth noting that 
modules 4 and 8 are both assigned to two modules at the second hierarchical level (one 
lateralized, one bilateral) suggesting high levels of intra- and inter-hemispheric connectivity 
for the medial and prefrontal modules. At the third and highest level of hierarchical modularity 
sub-modules combine to form predominantly left (modules 1-8) and right (modules 8-12) 
hemispheric communities. 
Community detection in the HCP replication dataset revealed a highly consistent pattern 
of modular organization to that observed in the main CoLaus dataset (Supplementary Fig. 4.3). 
As in the principle dataset the OSLOM community detection algorithm found 12 modules at 
the lowest hierarchical level, 4 communities at the second level and 2 communities at the third 
and highest level. Each of the level 1 modules in the CoLaus dataset has a high degree of 
similarity (normalized mutual information, NMI; Meilă, 2007) with a single corresponding 
module in the HCP dataset (Fig. 4.2a). Furthermore, an analysis of similarities between the 
complete modular structure of the principle and replication datasets (while taking into 
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account the overlapping structure of network communities; Lancichinetti et al., 2009) 
revealed a high degree of cover similarity (NMI=0.48, p<0.001; Fig. 4.2b). 
Nodal roles in network integration and communication 
The nodes of a network possessing modular organization can be classified based on their 
inter- and intra-module connectivity (Fig. 4.3a). The participation coefficient, P, describes the 
relative proportion of a node’s connections that communicate directly with other modules. 
The within-module-degree z-score, Z, indicates the relative level of intra-modular connectivity 
for a node as compared to other nodes within the same module. By combining node measures 
of P and Z each node was classified as either a connector hub, satellite connector, provincial 
hub or peripheral node (Fig. 4.3b; Bertolero et al., 2015; Guimerà and Nunes Amaral, 2005). 
When the modular node classes are projected onto a hierarchical circular graph layout (Fig. 
4.3c) we observe that connector hub nodes are widely distributed across all modules except 
for modules 3 (left ventral visual stream) and 9 (right posterior parietal). Though module 9 did 
not contain any connector hub nodes this was because the module was fully connected (each 
node in the module connected to every other node) resulting in the same value of Z for each 
node. Therefore, one or more of the module 9 satellite connector nodes might perform 
integrative functions similarly to a connector hub node but this organization could not be 
discriminated along Z. The wide distribution of connector hub nodes suggests that modules 
typically have at least one, or more often multiple, nodes that are specialized for integrative 
network communication, dedicating a large proportion of their connections to inter-modular 
connectivity whilst also possessing above average intra-modular connectivity. In particular, 
the left and right medial modules (4 & 7) have an abnormally high proportion of connector 
 
Figure 4.2. Consistency of hierarchical modularity 
definitions between the principal and replication 
datasets. a) Module-by-module comparisons at 
level 1 reveal highly consistent spatial organization. 
b) Similarity between the full hierarchical 
modularity definitions is significantly greater than 
that observed in randomized control graphs. NMI: 
normalized mutual information. 
 
 
81 
 
hub nodes for their size at 22.2% and 19.1% respectively as compared to the average 
proportion of connector hub nodes across all modules (9.6%). 
The distribution of modular node classes on the cortical surface reveals a mosaic-like 
pattern of nodal network roles (Fig. 4.3d). By counting the number of times that a node was 
classified as a connector hub across the multiple levels of hierarchical modularity, we observe 
the regions that provide the highest levels of integrative network function (Fig. 4.3e). The 
regions forming this highly integrative set include posterior parietal, posterior cingulate, 
superior frontal, precuneus and anterior medial cortices (see Supplementary Table 4.1). Many 
(though not all) of these regions are also obtained when assessing the network’s topological 
rich club (Fig. 4.3f; Supplementary Table 4.2; van den Heuvel and Sporns, 2011). 
Figure 4.3. Modular node classes of the brain. a) A toy network showing how nodes can be grouped into modules (dashed 
lines) based on their inter-nodal connectivity. b) Nodes can then be assigned as peripheral (blue), provincial hub (green), 
satellite connector (orange) or connector hub (red) nodes based on their within-module degree, Z, and participation 
coefficient, P, values. Here we set the cut-off for P and Z as the 70th percentile node. c) A hierarchical circular graph layout 
displaying the modular node classes in relation to their level 1 module definitions. Nodes are displayed on the cortex and 
color coded according to d) their modular node class, e) the number of times a region is assigned as a connector hub 
across the three hierarchical levels, and f) a regions rich club participation level for comparison. 
 
 
82 
 
Topological roles predict tissue microstructural organization 
Measures of microstructural organization across network edges were assessed across 4 
classes of connections and will be defined in the subsequent sections as follows: connector 
hub to connector hub – Con-Con; connector hub to satellite node – Con-Sat; peripheral node 
to provincial hub – Per-Pro; peripheral node to peripheral node – Per-Per. 
Wiring cost economy: streamline density and length 
No significant effects were observed for the average number of streamlines (NOS) 
between edge classes (Fig. 4.4a). Con-Con and Con-Sat connections were significantly longer 
than Per-Pro (p<0.05 | p<0.01) and Per-Per (p<0.01 | p<0.001) connections. Per-Pro 
connections were also longer than Per-Per connections (p<0.01). The wiring costs of Con-Con 
connections were on average significantly greater than Con-Sat (p<0.05), Per-Pro (p<0.05) and 
Per-Per (p<0.5) connections. Con-Sat and Per-Pro connections also had higher average wiring 
costs than Per-Per connections (p<0.05 | p<0.05). These results are in agreement with 
Figure 4.4. Structural characteristics of modular edge class connections. Edge class types ordered from most- to least-
integrative are connector-connector (red), connector-satellite (orange), peripheral-provincial (green) and peripheral-
peripheral (blue) connections. Bar graphs show the mean microstructural tissue property values across the edge classes 
for multiple structural measurements. Data on edge class values are provided for: a) the number of streamlines (NOS) 
and length of edges for the 4 edge classes; b) quantitative measures of MT, R1 and R2*; c) DTI measures of FA, MD, RD 
and AD; d) NODDI measures of ICVF and ODI; e) structural covariance of MT, R1m R2*, MD and cortical thickness; and f) 
the g-ratio tissue measurements. The general trends show increased microstructural organization and investment in the 
brain’s most integrative connections. Error bars express the standard deviation of a measurement over the group of 
subjects. Significance assessed using permutation testing (10,000 permutations): *P<0.05, **P<0.01, ***P<0.001. 
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previous findings suggesting that integrative connections represent a particularly high-cost 
feature of brain organization (Collin et al., 2014; van den Heuvel et al., 2012). 
Myelination and iron content: MT, R1 & R2* 
MT and R1 (measures of tissue myelination) were compared across the 4 modular edge 
classes (Fig. 4.4b). Consistent statistical results were found for both measures. Con-Con 
connections had higher MT and R1 values than Per-Pro (p<0.01 | p<0.05) and Per-Per (p<0.001 
| p<0.001) connections. Con-Sat connection measures for MT and R1 were greater than Per-
Pro (p<0.01 | p<0.01) and Per-Per connections (p<0.001 | p<0.001). MT and R1 values in Per-
Pro connections were also greater than those observed in Per-Per connections (p<0.01 | 
p<0.01). Measures of R2* (sensitive to both iron and myelin content) were elevated for Per-
Pro connections as compared to Per-Per connections (p<0.01). No effect was observed 
between the other edge classes. 
Diffusion tensor imaging (DTI) 
Four DTI derived metrics (FA, MD, RD & AD) were assessed across the different edge 
classes (Fig. 4.4c). Con-Con and Con-Sat connections had higher FA on average than Per-Pro 
(p<0.05 | p<0.001) and Per-Per (p<0.01 | p<0.001) connections. The average FA across Per-
Pro connections was also greater than that of Per-Per connections (p<0.05). There was no 
effect between any of the classes for MD. RD showed the opposite relationship to FA, with 
higher RD on average for Per-Pro and Per-Per connections as compared to Con-Con (p<0.05 | 
p<0.01) and Con-Sat (P<0.001 | p<0.001) connections. The mean RD of Per-Per connections 
was also greater than those of Per-Pro connections (p<0.05). For AD, Con-Con connections 
had a higher AD on average than Per-Per connections (p<0.05) and AD across Con-Sat 
connections was greater than Per-Pro (p<0.01) and Per-Per (p<0.001) connections. These 
results suggest a high level of microstructural organization for the most integrative Con-Con 
and Con-Sat connections as compared to Per-Pro and, in particular, Per-Per connections. The 
elevated FA in integrative pathways is the result of both reduced RD (tighter axonal packing, 
reduced extracellular space) as well as increased AD (reduced dispersion, larger axonal 
calibers) and the relative changes to both RD and AD leads to no effects being observed for 
MD which combines these measures. 
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NODDI and g-ratio imaging 
Microstructural tissue organization was investigated across edge classes using ICVF 
(indicative of axonal packing and caliber) and ODI (a measure of fiber dispersion) estimated 
using the NODDI biophysical diffusion model (Fig. 4.4d). ICVF was higher on average for Con-
Con and Con-Sat as compared to Per-Pro (p<0.05 | p<0.001) and Per-Per (P<0.01 | p<0.001) 
connections. ICVF was also greater for Per-Pro than Per-Per connections (p<0.05). Measures 
of ODI were significantly greater on average across Per-Pro and Per-Per connections than for 
Con-Con (p<0.05 | p<0.01) and Con-Sat (p<0.001 | p<0.001) connections. The g-ratio (a 
composite measure of myelin and axonal volume fractions) was found to be significantly lower 
in Con-Con and Con-Sat connections compared to Per-Per connections (p<0.05 | p<0.05). 
Grey matter microstructural covariance 
The population covariance of nodal tissue property measurements was calculated for 
measures of MT, R1, R2*, MD and cortical thickness, and compared across edge classes (Fig. 
4.4e). Structural covariance was typically in the range of 0.3-0.5 for the qMRI measures and 
0.05-0.1 for cortical thickness. No significant effects were observed across the classes for the 
MT or R1 covariance measures. R2* covariance was greater for Con-Sat as compared to Per-
Per connections (p<0.05). The Per-Per edge class showed reduced MD covariance as 
compared to Con-Con (p<0.05) and Per-Pro (p<0.01) connections. Structural covariance of the 
cortical thickness measures found Con-Sat connections to have significantly lower structural 
covariance than Per-Pro (p<0.01) and Per-Per (p<0.01) connections. Marginally lower 
structural covariance was observed for the Con-Con connections as compared to the Per-Pro 
(p=0.12) and Per-Per (p=0.08) connections though these tests did not reach the threshold for 
significance. 
Evidence from the replication dataset 
Differences in microstructural measures across edge classes were additionally assessed in 
the second HCP dataset for network cost measures, FA, MD, RD, AD, ICVF, ODI and T1w/T2w 
ratio (Supplementary Fig. 4.4). Highly consistent effects were observed across all measures 
except for RD which showed no significant differences across edge classes. For the T1w/T2w 
ratio, an additional measure indicative of myelin content, Con-Con connections had higher 
values than Per-Pro (p<0.05) and Per-Per (p<0. 01) connections. Con-Sat connection measures 
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for T1w/T2w were greater than Per-Pro (p<0.05) and Per-Per connections (p<0.001). T1w/T2w 
values in Per-Pro connections were also greater than those observed in Per-Per connections 
(p<0.05). These results for T1w/T2w are highly consistent with the myelin sensitive measures 
(MT & R1) of the main CoLaus dataset. 
4.4 Discussion 
In the present work, we investigate hierarchically modular architectures in human 
structural brain networks and examine how microstructural tissue properties vary depending 
upon regional network communication roles. Hierarchically modular organization was 
estimated by applying a recently developed community detection algorithm (OSLOM; 
Lancichinetti et al., 2011) innately capable of estimating module evidence, overlapping 
communities and hierarchical structure. Cortical regions (nodes) and their connections (edges) 
were classified based on their intrinsic and extrinsic modular connections into either 
connector hub, satellite node, provincial hub or peripheral node classes (Bertolero et al., 2015; 
Guimerà and Nunes Amaral, 2005). Microstructural network properties were then assessed 
across interconnecting edge classes. Each step of the analysis was replicated in a second 
independent dataset in order to test for reproducibility and consistency. 
The main findings of the work can be summarized as follows. Based on their 
interconnectivity profiles, cortical nodes subdivided into 12 modules which further grouped 
into 4 and then 2 larger modules at progressively higher levels of network hierarchy. The use 
of an information-based measure found the modular architecture of the replication dataset 
to be highly similar to that observed in the main dataset, both in terms of module-by-module 
and full modular organization comparisons. Depending upon the characteristic topological 
role that a pathway plays in the network, distinct microstructural fingerprints exist. Our 
findings suggest that the most integrative pathways of the brain exhibit higher wiring costs, 
elevated levels of myelination and increased white matter organization. 
Hierarchical modularity in structural brain networks 
Clear evidence for hierarchically modular architectures were observed in these data and 
the organization was highly consistent within a second independent dataset suggesting that 
these patterns of structural modularity are a replicable and robust phenomenon. This 
statement is further supported by the qualitative similarity between the observed modular 
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organization and previously well described brain structures and functional systems (Betzel et 
al., 2013; Chen et al., 2012; Meunier et al., 2009; Power et al., 2011). At the lowest observed 
hierarchical level, structural modules formed spatially contiguous communities in alignment 
with well-described brain systems specialized for different domains of behavior and cognition. 
For example, the bilateral ventral visual stream modules comprising areas of occipital and 
inferior temporal cortices form the structural architecture for visual object recognition 
processing (DiCarlo et al., 2012; Logothetis and Sheinberg, 1996). At the second hierarchical 
level the 12 sub-modules combine to form 4 larger modules which broadly divide the cortex 
into bilateral anterior and posterior modules which can also be combined into two 
hemispheric modules at the third and highest hierarchical level. 
Another striking feature of the hierarchical network architecture was the high degree of 
symmetry for the anterior-posterior organization of modules in the left and right hemispheres. 
Each module was either bilaterally symmetric (as in the orbitofrontal module) or had an 
equivalent module represented on the contralateral hemisphere.  The division of the adult 
cortex into spatially contiguous modules aligned along a posterior-to-anterior gradient is also 
consistent with well described neurodevelopmental findings of segmented rostro-caudal 
patterns of gene expression gradients (Redies and Puelles, 2001). Indeed, an investigation into 
how genes influence cortical surface area expansion in humans revealed a hierarchically 
modular organization, predominantly bilaterally symmetric across hemispheres (Chen et al., 
2012). This modular organization, derived from genetically encoded surface expansion 
measures (Chen et al., 2012), has a striking resemblance to the hierarchically modular 
structural connectivity architecture presented here. For example, both parcellations - whether 
genetic or connectivity based – define 12 modules at the lowest level and contain orbito-
frontal, medial-cingulate, prefrontal, posterior parietal and occipital modules. Further 
evidence for a high degree of heritability in white matter structures (Chiang et al., 2011) 
suggests that genetic factors might form a principle driving force for the development of 
modularity in structural brain networks. Despite the high degree of symmetry between 
hemispheres, we observed subtle differences in several modules spanning the lateral sulcus. 
These differences may be related to the highly asymmetric nature of left lateralized language 
pathways in the human brain (Catani et al., 2007) leading to greater interconnectivity between 
left hemispheric temporo-parieto-frontal cortices. 
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It is interesting to consider why the human brain might have evolved hierarchically 
modular connectivity architectures and invested so heavily in the anatomical structures 
facilitating inter-modular communication. Biological systems have been suggested to gain 
great evolutionary advantage by developing modular organization (Kirschner and Gerhart, 
1998), promoting adaptations and flexibility in the face of a changing environment (Kashtan 
et al., 2007; Kashtan and Alon, 2005). When faced with an unpredictable environment, the 
swapping or rearrangement of maladaptive modules is less costly than adapting the system 
as a whole (see Sporns and Betzel, 2015). Furthermore, it has been shown that modular 
organization may infer evident cognitive advantages by preventing the loss of old skills upon 
learning new ones (Ellefsen et al., 2015) and promoting the persistence of functional 
specialization (Gallos et al., 2012). Hierarchical modularity in particular has been proposed as 
an important component for enabling dynamic regime criticality and consequently the 
facilitation of complex behaviors (Moretti and Muñoz, 2013; Rubinov et al., 2011). Perhaps an 
even stronger argument for the evolution of modular brain networks comes from a strong 
selection pressure to reduce wiring costs in a system with limited spatial and energetic 
resources (Bullmore and Sporns, 2012; Clune et al., 2013). Computational studies have shown 
that selective pressures to minimize wiring cost result in the evolution of modular networks t 
are capable of quickly adapting to new environments (Clune et al., 2013; Kashtan and Alon, 
2005). Modular architectures help to reduce wiring costs if the modules remain compact, and 
we observe compact and spatially contiguous modules across both our main and replication 
datasets, at each hierarchical level. 
Modular node class organization 
One of the advantages of a modular network analysis is that it allows for a more precise 
definition of a node’s topological role in the network. For example, instead of simply dividing 
nodes based on their degree, we classified nodes in terms of their specific role towards intra- 
and inter-modular communication. Connector hub nodes, forming the most highly integrative 
hubs in the network, are widely distributed across the modules, though predominantly found 
in posterior parietal, posterior cingulate, superior frontal, precuneus and anterior medial 
cortices. The spatial distribution of connector hubs is in good agreement with alternative 
network hub definitions (Bertolero et al., 2015; Buckner et al., 2009; Nicolini et al., 2017; van 
den Heuvel and Sporns, 2013, 2011). Though at least 1 connector hub was observed across 10 
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of the 12 modules, a particularly high concentration was noted for the bilateral medial 
modules (4 and 7). These medial structures have been shown to act as connector hub nodes 
in functional connectivity networks and have a high probability of activation across multiple 
cognitive tasks (Bertolero et al., 2015), suggesting a particularly prominent role in functional 
integration and contextualization. Regions which participate in multiple cognitive tasks and 
integrate across different modules might be expected to exhibit increased glucose utilization 
due to the high levels of functional activity (Bertolero et al., 2015). A qualitative comparison 
of the connector hub node positions to regional aerobic glycolysis levels in the human brain 
reveals that connector hub structures are also some of the most metabolically active 
(Vaishnavi et al., 2010). 
We found 13 nodes with evidence for multiple community assignments (2 each) with 12 
of these classified as satellite nodes and one as a connector hub, underlining the bridging 
communication role of these structures and the importance of considering network 
communities as overlapping covers rather than fully segregated partitions. Most approaches 
to community detection (e.g. modularity maximization or independent component analysis) 
generally ensure that each node is assigned to a single module but do not provide measures 
of confidence to the assignments nor do they allow for multiple assignments in the case of 
overlapping communities (for a review see Sporns and Betzel, 2015). Some evidence exists for 
the presence of overlapping nodes in otherwise segregated modules (Lee et al., 2012) and the 
approach used within this study provides a new perspective by inherently testing for the 
significance of node assignments across multiple putative communities. 
Microstructural fingerprints of modular communication 
Different aspects of microstructural organization across the modular edge classes were 
investigated by combining diffusion (DTI & NODDI), relaxometry (R1, R2* & T1w/T2w), 
magnetization transfer (MT), g-ratio and grey matter structural covariance measurements. 
Our findings are in support of earlier work suggesting that integrative structures and 
connections represent a high-cost feature of brain organization with enhanced 
microstructural tissue properties (Bertolero et al., 2015; Collin et al., 2017, 2014; Crossley et 
al., 2014; Mancini et al., 2017; Scholtens et al., 2014; van den Heuvel et al., 2013). 
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The most integrative connector hub connections (and to a lesser extent the connector-
satellite node connections) were found to typically span longer distances and to have greater 
wiring costs than more peripheral connections. These classes of connections also possessed 
enhanced microstructural organization as reflected by their high values for FA, AD and ICVF 
and conversely for their low values in RD and ODI measurements. These results are consistent 
with preliminary findings in the anatomical rich club connections (Collin et al., 2014) which 
were also reproduced in our data with a high degree of regularity (Supplementary Fig. 4.6). 
Together these results suggest a set of highly organized integrative pathways with low fiber 
dispersion and highly efficient axonal packing. Furthermore, the connector-connector and 
connector-satellite connections had elevated levels for MT, R1 and T1w/T2w ratio measures 
indicative of greater myelin concentrations in these pathways. 
Whether the increased levels of myelin in integrative pathways are due to increased 
axonal densities or more myelin per axon can be probed by an assessment of g-ratio 
measurements which provide an indirect estimate of the average myelin investment per axon 
(Campbell et al., 2017). We found lower g-ratio values in connector-connector and connector-
satellite connections as compared to the most peripheral connections, indicative of thicker 
myelin sheaths in integrative pathways for a given axonal diameter. Increased myelin 
investment might provide information processing benefits to the network by reducing 
conduction delay along the extended axonal trajectories (Rushton, 1951) and enhancing 
network synchrony (Fields et al., 2015). 
Microstructural covariance measures explore patterns of synchronized tissue change 
across cortical structures. Absolute levels of cortical covariance were consistently larger for 
the qMRI versus cortical thickness measures. We observed only a few relatively weak effects 
across edge classes for R2* and MD with no effects observed for the most myelin sensitive MT 
and R1 measures. This might be indicative of microstructural organization in the cortex 
(particularly myelination) being principally dependent upon features non-specific to modular 
communication roles. For example, it has been suggested that cortical development proceeds 
from sensory to motor to association cortex (Greenfield, 1991; Yakovlev and Lecours, 1967) 
and changes to intracortical myelin densities are known to continue well into the 5th decade 
of life (Grydeland et al., 2013). Using structural covariance, as measured by cortical thickness, 
we observed significantly higher synchronized tissue changes between the peripheral as 
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compared to integrative classes. The mechanisms driving structural covariance measures have 
been hypothesized to include genetic factors and synchronous neuronal activation between 
structures (Alexander-Bloch et al., 2013). Low levels of structural covariance in the most 
integrative pathways therefore supports the hypothesis that connector hub and satellite 
nodes participate in multiple functional communities, forming a distributed system spread 
across the brain’s functional and genetic modules (Chen et al., 2013, 2012; Power et al., 2011). 
Closing remarks 
To summarize, our results suggest a hierarchically modular organization in human brain 
anatomical networks with particular enhancement and enriched microstructure across 
integrative connections. Despite being a high-cost feature of the network, the observed 
additional investment in network wiring and microstructural organization of the most 
integrative brain pathways may provide additional benefits to the system beyond the 
selection pressure to reduce costs (Bullmore and Sporns, 2012). A small number of highly 
integrative and microstructurally enriched connector hub regions could provide reduced 
communication delays (van den Heuvel et al., 2012) and improved robustness to randomized 
lesions (Paul et al., 2006). Indeed, evidence is beginning to emerge that a wide array of 
neuropsychiatric diseases specifically target network hub regions (Crossley et al., 2014; 
Fornito et al., 2015; van den Heuvel et al., 2013). We hypothesize that the hierarchical 
architecture and increased investment in inter-modular connections as presented in this study 
could provide an additional robustness and capacity for compensation to brain injury and 
disease. 
Our findings support previous data on the structure-function relationships in brain hub 
regions (Bertolero et al., 2015; Collin et al., 2014; Harriger et al., 2012; Scholtens et al., 2014) 
and concepts of modular organization and specialization in human brain networks (Park and 
Friston, 2013; Sporns, 2013; Sporns and Betzel, 2015). Future work may lead to a greater 
understanding of how connectivity architectures and white matter microstructure relate to 
disease processes, normal aging and cognition (Fornito et al., 2015; Petersen and Sporns, 
2015; Zuo et al., 2016). 
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5. General Discussion 
Detailed discussions of the results presented in this thesis have been provided in the 
relevant project chapters. Here we aim to briefly summarize the main findings, to put them in 
context with the wider neuroscientific literature, to consider some of the limitations with the 
work, and to outline future directions for the field. 
5.1 Main findings 
Evolution of white matter tract microstructure across the lifespan  
In this first study we investigated nonlinear aging effects across 20 major white matter 
tracts in a large imaging cohort (n=801, 7-84 years). We report robust nonlinear aging effects 
across tracts for the multiple qMRI measures of MT, R1, R2*, g-ratio, FA, MD, ICVF and ODI. 
Tract microstructure measurements typically peaked between the mid-twenties and mid-
fifties with g-ratio measures peaking earliest and ODI measures peaking latest. Substantial 
spatial heterogeneity was observed in the maturational timings of tracts. Associations with 
gender, hemisphere, and their interactions with age were generally weak and inconsistent. A 
quantitative correlation analysis provides novel evidence in support of the well-established 
last-in-first-out retrogenesis hypothesis of aging, suggesting that the delayed myelination of a 
tract is predictive of greater accelerating decline in old age and total myelin modulation over 
the lifespan. This study represents one of the largest lifespan white matter investigations to 
date, combining more qMRI measures than in previous reports (Kochunov et al., 2012; Lebel 
et al., 2012; Yeatman et al., 2014), and providing the most comprehensive assessment of aging 
effects for the novel g-ratio qMRI measure (Berman et al., 2017; Cercignani et al., 2016). 
Lifespan brain tissue changes reveal a modular architecture of human white matter 
Multiple tissue microstructure measurements were sampled along the connecting edges 
of an anatomical brain network and their aging trends used as features in a data-driven 
clustering analysis. White matter pathways were grouped into clusters with coherent tissue 
aging trajectories, revealing a set of five ‘lifespan modules’ which broadly divided the white 
matter along functional-anatomical lines; we report distinct fronto-striatal, callosal, fronto-
parieto-occipital, prefronto-temporal and limbic modules. Edges within a module have more 
consistent microstructural aging trends with each other than with edges in other modules. R1 
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was found to have strong and moderate partial correlations with MT and R2* respectively, 
highlighting that this measure, although principally driven by myelination, also has a non-
trivial dependence on local iron content. Weak partial correlations between the MT, R2*, MD 
or ICVF lifespan measures suggest that these qMRI measurements are sensitive to different 
microstructural tissue properties and can used in combination to assess the multiple biological 
processes that drive white matter tissue property changes across the lifespan.  
Hierarchical modularity and microstructural enrichment of the brain’s integrative architectures  
Structural connections of the brain were estimated using advanced diffusion tractography 
procedures and used to construct a ‘connectomic’ description of the human anatomical brain 
network. Once described in this form tools from the field of graph theory were applied to 
estimate the organization of the network into modules and each cortical region’s role in 
network communication. The use of a novel modularity detection algorithm suggested a 
division of human cortex into 12 modules which combined to form two higher hierarchical 
levels. Modular definitions were generally very similar between hemispheres and an 
information-based measure showed a high level of consistency between these modular 
definitions and those observed in a large replication dataset. The modular structure was used 
to define different modular classes, governed by the extent to which a region possesses a high 
degree of inter- or intra-modular connectivity. Measures of microstructure were found to be 
significantly different depending on the role of a connection in the network, with greater 
wiring costs and enhanced microstructural organization for the most integrative connections 
of the brain. 
5.2 Lifespan investigations of the white matter  
The first two projects of this thesis focus on patterns of microstructural change in the white 
matter over a large portion of the human lifespan. We report robust non-linear lifespan trends 
in good agreement with previous neurodevelopmental (Dean et al., 2014; Deoni et al., 2012; 
Yeatman et al., 2012a), aging (Bender and Raz, 2015; Bennett et al., 2010; Cox et al., 2016), 
and lifespan (Callaghan et al., 2014; Lebel et al., 2012; Yeatman et al., 2014) investigations. 
The extent of microstructural change over the lifespan varies between tracts with the 
corticospinal tract and corpus callosum segments typically being more stable than the 
association pathways of the brain. This is in good agreement with previous work suggesting 
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that the pathways supporting sensorimotor functions and interhemispheric communication 
develop earliest and remain relatively stable with age (Bartzokis et al., 2012; Kinney et al., 
1988; Yakovlev and Lecours, 1967; Yeatman et al., 2014). Indeed, we found strong 
correlational relationships between the age of maturation in a tract and the relative amount 
of lifespan tissue change for the most myelin specific measures of MT, R1, R2* and the g-ratio. 
These findings provide novel quantitative evidence for the last-in-first-out retrogenesis 
hypothesis of aging (Raz, 2000; Reisberg et al., 2002) and contribute to previous reports of 
greater age-related tissue change in the latest myelinating pathways of the brain (Brickman et 
al., 2012; Davis et al., 2009; Gao et al., 2011; Stricker et al., 2009; Yeatman et al., 2014). 
Of the previous investigations into retrogenesis hypotheses of the brain most provide only 
qualitative evidence in its support. One recent study by Yeatman et al. (2014) went further by 
formulating quantitative definitions for the retrogenesis hypotheses. Their results conflict 
with our own findings as they found no evidence for the last-in-first-out hypothesis when using 
R1 as a biomarker for myelin. One possible reason for the contrasting findings comes from the 
different ways in which we have tried to formulate and quantitatively test this hypothesis. 
Whilst we formulated a model which correlated maturational timings with the rate of 
quadratic (accelerating) microstructure change either side of the peak, Yeatman et al. (2014) 
used a piecewise linear model to test the relationship between peak age and the duration of 
maturational stability (plateau) around that peak. Our combined findings suggest that the late 
myelination of a region is predictive of increased levels of myelin reorganization over the 
lifespan but not the duration of a stable plateau at its peak (Yeatman et al., 2014). 
Why might extended periods of tract development be associated with greater vulnerability 
in old age? One possible explanation is that functional neuroanatomy plays a role in organizing 
tissue change along a hierarchical sequence of development (Greenfield, 1991). Connections 
involved in more basic interhemispheric, motor or visual functions would reach maturity 
earlier than those involved in higher-order executive, social and emotional processing. Indeed, 
work in the macaque has shown protracted development and synaptic refinement in 
executive relative to sensory regions (Elston et al., 2009). Developmental studies in humans 
also provide evidence of earlier maturation in sensory-motor regions relative to higher-order 
association cortex (Krongold et al., 2015; Sotiras et al., 2017). Additionally, many of the cortical 
regions that develop latest are also the most evolutionarily novel (Hill et al., 2010), and 
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increased evolutionary novelty has recently been associated with greater age-related tissue 
change (Sotiras et al., 2017). Thus, a plausible link begins to emerge between evolutionary 
novelty, ontogenetic timings, and age-related vulnerability in the human brain. 
The processes governing lifespan tissue changes are multiple and complex, being 
controlled via a combination of intrinsic genetic programs and extrinsic environmental 
influences. Evidence suggests that within mammalian white matter, levels of myelination 
(Emery, 2010; Gibson et al., 2014) and axonal caliber (Fancy et al., 2011) vary in response to 
electrical activity leading to ongoing experience dependent plasticity. Furthermore, 
appropriate levels of myelination are likely controlled by multiple intracellular signaling 
pathways that promote and/or inhibit myelination processes (Fancy et al., 2011). Recent 
evidence by Cantuti-Castelvetri et al. (2018) now suggests that progressive myelin loss in later 
life may be caused by defective cholesterol clearance mechanisms that lead to an imbalance 
between re-myelination and de-myelination processes in the brain. Within the human cortex, 
regional variations in maturational patterns have been shown to relate to shared genetic 
influences that may localize along functional lines (Chen et al., 2013) and extend to a 
regulation of tissue dynamics across the lifespan (Fjell et al., 2015). White matter 
microstructure is also heavily determined by genetics (Chiang et al., 2009; Pfefferbaum et al., 
2001), particularly during adolescence and in subjects with an above average intelligence 
quotient (IQ) (Chiang et al., 2011). These findings highlight the multiple factors contributing 
to healthy white matter development and maintenance over the lifespan. 
By applying a combination of multiple qMRI measurements in a large lifespan cohort we 
show that these measures have unique sensitivities to some of the concurrent tissue 
processes in action over the human lifespan. The combination of these measures in a data-
driven clustering analysis revealed a set of five ‘lifespan modules’ that segregated the white 
matter along functional-anatomical lines. Previous work using a similar approach in the grey 
matter has found that cortical thickness developmental trajectories distinguished 
sensorimotor regions from association regions of the brain (Krongold et al., 2015). Further 
work has begun to link functional and developmental modules to disease vulnerability within 
human grey matter (Alexander-Bloch et al., 2014; Douaud et al., 2014; Seeley et al., 2009). 
Whether equivalent relationships to disease states exist in white matter developmental 
subsystems remains a question for future investigations. 
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5.3 Tissue microstructure of the human connectome 
The human ‘connectome’ has become a buzz word in recent years with results from large 
multi-center studies, such as the $40m NIH funded Human Connectome Project 
(http://www.humanconnectome. org), leading to novel descriptions of brain organization 
(Glasser et al., 2016) and brain-behavior-demographic relationships (S. M. Smith et al., 2015). 
Most connectomic investigations have focused on either functional connectivity (Bertolero et 
al., 2015; Crossley et al., 2013; Picchioni et al., 2013; Sun et al., 2017) or topological aspects of 
structural brain networks (Betzel et al., 2013; Hagmann et al., 2008; Korgaonkar et al., 2014; 
van den Heuvel et al., 2012; van den Heuvel and Sporns, 2011). More recently a growing 
appreciation for the role of tissue microstructure in network descriptions of the brain has 
begun to emerge (Collin et al., 2014; Daducci et al., 2015; Fields et al., 2015; Mancini et al., 
2017; Scholtens et al., 2014; van den Heuvel et al., 2015). 
Two previous studies investigated tissue microstructure properties in structural human 
brain networks using similar approaches to the one presented here in chapter 4. In the first 
study, Collin et al. (2014) combined T1w, DTI and MT image with several aspects of structural 
and functional connectivity to examine their organization in relation to the brain’s rich club 
architectures. The authors reported that rich club regions and rich club connections exhibited 
high levels of wiring volume, high levels of white matter organization, high levels of metabolic 
energy usage, and long maturational trajectories. These results are in good agreement with 
our findings from a secondary analysis comparing tissue microstructure properties in rich club 
connections, where we observed increased wiring costs and microstructural organization in 
rich club connections. The second study by Mancini et al. (2017) weighted their structural 
connectivity matrices by the g-ratio and reported that rich club connections presented higher 
myelination than peripheral connections. Taken together, these findings extend the notion 
that rich club organization represents a high-cost feature of brain architecture (van den Heuvel 
et al., 2012). 
In the present work we were specifically interested in determining how white matter 
microstructure was organized across the brain’s modular connectivity architectures (Sporns 
and Betzel, 2015). Our modular definitions presented a high degree of similarity between the 
principle and replication datasets, suggesting that our patterns of structural modularity were 
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a replicable and robust phenomenon. Such statements are also supported by the high degree 
of similarity between the observed modular organization and previously well described brain 
modules and functional systems (Betzel et al., 2013; Chen et al., 2012; Meunier et al., 2009; 
Power et al., 2011). 
One advantage of the modular network analysis approach is that it allows for a more 
precise definition of a node’s topological role in the network. For example, instead of simply 
dividing nodes based on their degree, we classified nodes in terms of their specific role 
towards intra- and inter-modular communication (Bertolero et al., 2015; Guimerà and Nunes 
Amaral, 2005). Connector hub nodes, forming the most highly integrative hubs in the network, 
were widely distributed across the modules, though predominantly found in posterior 
parietal, posterior cingulate, superior frontal, precuneus and anterior medial cortices. The 
spatial distribution of connector hubs is in good agreement with alternative network hub 
definitions (Bertolero et al., 2015; Buckner et al., 2009; Nicolini et al., 2017; van den Heuvel 
and Sporns, 2013, 2011). These connector hub nodes are known to sit between distinct 
functional subsystems and become highly active in tasks requiring multiple cognitive functions 
(Bertolero et al., 2015), exemplifying their integrative capacity in the brain. We found that the 
connections serving these integrative brain hubs had elevated wiring costs, enriched 
microstructural organization and increased myelination. Our results are in good agreement 
with previous studies that have shown increased neuronal complexity in cortical hub regions 
(Scholtens et al., 2014) and enriched microstructure of the brains integrative pathways (Collin 
et al., 2014; Mancini et al., 2017). The large sample size and multiple qMRI measurements 
used in our study provide robust information about the microstructural differences between 
modular connection classes. Despite being a high-cost feature of the network, additional 
investment in the brain’s most integrative pathways may be offset by the additional benefits 
they confer to the system beyond the selection pressure to reduce costs (Bullmore and Sporns, 
2012). 
5.4 Methodological considerations 
Sample selection 
The subjects recruited for these studies were in good health and were screened for any 
known brain diseases. We further conducted extensive quality control procedures whereby 
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the data for each subject was assessed for movement artifacts, preprocessing errors and overt 
pathology. Despite our best efforts to construct a large neuroimaging sample representative 
of the healthy population, we cannot rule out certain types of sample bias. For example, cross-
sectional studies of age-related trajectories may imperfectly represent patterns of within-
individual changes over time (Lindenberger et al., 2011). Furthermore, it is impossible to 
guarantee that the subjects recruited in old-age are fully representative of those obtained at 
younger ages. Nevertheless, the fully longitudinal study designs that would be required to 
account for these biases remain rare as the time course required to fully track the age ranges 
investigated here would become extremely prohibitive. This has led to the few longitudinal 
studies in the literature adopting semi-longitudinal studies whereby subjects are followed 
over short time periods but with a sample spanning a wide age range (Barrick et al., 2010; 
Bender and Raz, 2015; de Groot et al., 2016; Lebel and Beaulieu, 2011; Sexton et al., 2014; 
Teipel et al., 2010). Such challenges have led most lifespan studies to adopt cross-sectional 
designs like ours (Callaghan et al., 2014; Cox et al., 2016; Hasan et al., 2010; Kochunov et al., 
2012; Lebel et al., 2012; Li et al., 2014; Westlye et al., 2010b; Yeatman et al., 2014). Thus, 
although our cross-sectional data provide well-powered insights into microstructural 
organization over the lifespan, the examination of intra-individual changes over the lifespan 
must await further data.  
Diffusion imaging and tractography 
A potential concern for tractography based microstructure assessments comes in the form 
of partial volume effects (Vos et al., 2011). Partial volume effects of white matter samples with 
grey matter and CSF can lead to biased estimates of a measure. We accounted for this in our 
first study by applying an automated fiber tract quantification algorithm that weights the 
sampled microstructure information of a tract’s core more highly than samples from more 
peripheral streamlines (Yeatman et al., 2012b). In the final two studies that utilized 
microstructure weighted connectivity matrices, we applied advanced tractography 
preprocessing procedures that have been developed to account for certain known biases. 
Tractography was performed using a multi-shell, multi-tissue constrained spherical 
deconvolution algorithm that reduces the effect of grey matter and CSF partial volume biases 
while tracking through the white matter (Jeurissen et al., 2014). Furthermore, we employed 
an anatomically constrained tractography (ACT) framework which ensures that all streamlines 
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are connected to anatomically plausible cortical and subcortical structures and that they 
terminate at the grey matter interface (Smith et al., 2012). Finally, for each subject the full 
tractograms of 20m streamlines were filtered using the SIFT and SIFT2 algorithms to remove 
streamlines that were not supported by the raw data, improving reproducibility and biological 
accuracy in the estimated connectivity matrices (R. E. Smith et al., 2015a, 2015b; Smith et al., 
2013; Yeh et al., 2016). These methodological choices greatly reduce the chance of streamlines 
being sampled outside of the white matter and consequent biases due to partial volume 
effects. 
In addition to reducing partial volume effects our methods aim to make tractography 
derived connectivity estimates more reproducible and biologically accurate (R. E. Smith et al., 
2015a). The development of HARDI tractography techniques has enabled previously 
unobserved connectivity patterns to be studied for the first time in humans (Thiebaut de 
Schotten et al., 2011; Wedeen et al., 2012). However, by estimating a fuller range or crossing 
fiber architectures in the brain this development has led to concerns about the occurrence of 
many false-positives in HARDI tractography datasets (Maier-Hein et al., 2017; Zalesky et al., 
2016). These concerns are an ongoing topic of investigation and no current method exists to 
fully eliminate them. Despite these challenges we adopted a number of methodological 
choices that can reduce the risk of large biases due to false-positive connections: while 
tracking we ensured that all streamlines connected plausible brain structures (Smith et al., 
2012) and we filtered out the most spurious streamlines (R. E. Smith et al., 2015a, 2015b; 
Smith et al., 2013); for the connectome matrices we used a consistency based threshold 
approach to only include edges that were found in at least 60% of the subjects (de Reus and 
van den Heuvel, 2013), and weighted connectivity matrices were used when relevant as false-
positives in binarized connectivity matrices have been shown to have a severe impact on 
measures of network clustering (Zalesky et al., 2016). Future efforts using global tractography 
(Christiaens et al., 2015; Mangin et al., 2013) and additional tissue microstructure information 
(Daducci et al., 2016, 2015) may help to overcome the challenges of accurately representing 
brain connections using diffusion tractography (Maier-Hein et al., 2017). 
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5.5 Future perspectives 
In this work we combine multimodal imaging measures to provide novel insights into the 
organization of human white matter. Our lifespan studies are conducted on a cross-sectional 
sample, the limitations of which are detailed above. Future longitudinal studies conducted 
over wide age ranges and in many subjects could allow for more complex models that 
characterize intra-individual trajectories of white matter tissue change over the lifespan. By 
extending multimodal microstructure assessments to patient populations their white matter 
measures could be compared directly to the quantitative curves in this work that represent 
normative trends. Indeed, we hypothesize that disruptions to a specific subset of the 
mechanisms coordinating a white matter lifespan module may underlie certain network 
dysfunction across a range of developmental and neurodegenerative disorders (Alexander-
Bloch et al., 2014; Zhang et al., 2013). Such questions demand future investigations linking 
genetic and environmental influences to maintenance and degradation processes in human 
white matter. 
Though there has been a recent impetus to conduct connectomic investigations across the 
lifespan (Melie-Garcia et al., 2017; Zuo et al., 2016), studies typically ignore important 
microstructural information (Betzel et al., 2014; Fields et al., 2015; Zhao et al., 2015). Future 
work would benefit from a) establishing the stability of structural modularity with age, and b) 
assessing differences in aging trends based on a connection’s role in network communication 
and integration. Evidence is beginning to emerge that a wide array of neuropsychiatric 
diseases specifically target network hub regions (Crossley et al., 2014; Fornito et al., 2015; van 
den Heuvel et al., 2013). Future work could assess whether microstructure abnormalities in 
the brain’s most integrative pathways is associated with greater disease severity in patient 
populations. 
Taken together, the findings presented in this work provide secure foundations for future 
investigations exploring white matter organization, healthy aging and cognition. Combining 
diffusion tractography with measures of brain tissue microstructure provides an important 
step towards inferring the biological mechanisms that link the white matter to cognition.  
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Supplementary materials 
Supplementary methods 
3.  Lifespan brain tissue changes reveal a modular architecture of human white matter 
Model 1 was a linear model described by the equation: 
1 2Y Age     
where 𝑌 is the vector of microstructure measurements across subjects and each 𝛽𝑖 is a 
weight estimated using linear least squares (LLS) regression. 
Model 2 was a second order polynomial described by the equation: 
2
1 2 3Y Age Age        
The 𝛽𝑖  weights were estimated using linear least squares (LLS) regression. 
Model 3 was a Poisson curve which can model asymmetric growth and decline. The model 
has previously been used to fit diffusivity aging trajectories(Lebel et al., 2012; Yeatman et al., 
2014) and is described by the equation:  
2
1 3
AgeY Age e        
where the 𝛽𝑖 parameters were estimated using nonlinear optimization to fit the model 
(Levenberg–Marquardt algorithm implemented in the MATLAB Optimization Toolbox).  
Model 4 was a smoothing-spline model implemented in Matlab. The smoothing spline, 𝑠, 
minimizes: 
    
2
2
2
2
1i i
i
d s
y s Age p dAge
dAge
 
    
 
 
 
where the smoothing parameter 𝑝 controls the trade-off between fidelity (closeness of 
𝑠(𝐴𝑔𝑒𝑖) to 𝑦𝑖) and smoothness (the size of the average second derivative |
𝑑2𝑠
𝑑𝐴𝑔𝑒2
|). With no 
smoothing (𝑝 = 1), 𝑠(𝐴𝑔𝑒𝑖) follows a cubic spline interpolant, whereas infinite smoothing 
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(𝑝 = 0) results in the least-square straight line fit. The nonparametric smoothing spline model 
can assume any shape and thus imposes very few assumptions about the form of the lifespan 
trajectories as well as being more robust when modeling a reduced age range across the 
lifespan(Fjell et al., 2010). The smoothing spline parameter, 𝑝 , was optimized for each 
microstructure measure by performing repeated 5-Fold cross-validation on 20 values of 𝑝 
logarithmically spaced between 10-7 and 10-1. The value which minimized cross-validated error 
across the network was used to fit the aging trajectories of the respective microstructure 
measure. 
The three parameters used to summarize key lifespan features (peak age, 𝐴𝑔𝑒𝑃𝑒𝑎𝑘; peak 
value, 𝑌𝑃𝑒𝑎𝑘; and lifespan change, 𝛥𝑌) are defined as follows: 
( 0)Peak
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Age Age
dAge
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In the case of the smoothing spline model there may be cases in which multiple local 
minima/maxima and/or extended plateaus of development occur due to the increased model 
flexibility. As such we defined 𝐴𝑔𝑒𝑃𝑒𝑎𝑘 for measures best fit by the smoothing spline model 
as follows: 
argmin 0.05*Peak dY
dAge
dY
Age Age
dAge

  
       
 
where
dY
dAge
 is the standard deviation of the tissue measure derivative with respect to age. 
This definition provides highly consistent MT and R1 lifespan parameter estimates when 
compared to a second order polynomial model for peak age (R2=0.999), peak value (R2=1.00), 
and lifespan change (R2=0.997). 
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4. Hierarchical modularity and microstructural enrichment of the brain’s integrative architectures 
Topological measure definitions 
All topological graph measures were calculated with the BCT Matlab package (brain-
connectivity-toolbox.net; Rubinov and Sporns, 2010). In the following definitions N is the set 
of all nodes in the network and n is the total number of nodes. (i, j) represents an edge linking 
nodes i and j (𝑖, 𝑗 ∈ 𝑁). 𝑎𝑖𝑗 is the connection status between the ith and jth nodes; 𝑎𝑖𝑗 = 1 if 
the (i, j) edge is present and 𝑎𝑖𝑗 = 0 otherwise. The (i, j) edge is associated with a connection 
weight 𝑤𝑖𝑗.  
Degree and strength 
Degree of node i,  
𝑘𝑖 =∑𝑎𝑖𝑗
𝑗∈𝑁
 
The weighted degree (strength) of node i, 
𝑘𝑖
𝑊 =∑𝑤𝑖𝑗
𝑗∈𝑁
 
Shortest path length 
Shortest path length (distance) between nodes i and j, 
𝑑𝑖𝑗 = ∑ 𝑎𝑢𝑣
𝑎𝑢𝑣∈𝑔𝑖↔𝑗
 
Where 𝑔𝑖 ↔ 𝑗 is the shortest geodesic path connecting nodes i and j. 
Global efficiency 
Global efficiency of the network, 
𝐸 =
1
𝑛
∑𝐸𝑖
𝑖∈𝑁
=
1
𝑛
∑
∑ 𝑑𝑖𝑗
−1
𝑗∈𝑁,𝑗≠𝑖
𝑛 − 1
𝑖∈𝑁
 
where 𝐸𝑖 is the efficiency of node i. 
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Clustering coefficient 
Clustering coefficient of the network, 
𝐶 =
1
𝑛
∑𝐶𝑖
𝑖∈𝑁
=
1
𝑛
∑
∑ 𝑎𝑖𝑗𝑎𝑖ℎ𝑎𝑗ℎ𝑗,ℎ∈𝑁
𝑘𝑖(𝑘𝑖 − 1)
𝑖∈𝑁
 
where  𝐶𝑖 is the clustering coefficient of the ith node. 
Within-module degree z-score 
Given the partition of the network into a set of modules, M, the within-module degree z-
score of node i is, 
𝑍𝑖 =
𝑘𝑖(𝑚𝑖) − 𝑘(𝑚𝑖)
𝜎𝑘(𝑚𝑖)
 
where 𝑚𝑖 is the module containing node i, 𝑘𝑖(𝑚𝑖) is the within-module degree of node i 
(the number of connecting edges between node i and all other nodes in module 𝑚𝑖), 𝑘(𝑚𝑖) 
and 𝜎𝑘(𝑚𝑖) are respectively the mean and standard deviation of the within-module 𝑚𝑖 degree 
distribution. 
Participation coefficient 
The weighted participation coefficient of node i, 
𝑃𝑖
𝑊 = 1 − ∑ (
𝑘𝑖
𝑊(𝑚)
𝑘𝑖
𝑊 )
2
𝑚∈𝑀
 
where M is the set of modules and 𝑘𝑖
𝑊(𝑚)  is the weighted number of connections 
(connection strength) from the ith node to other nodes within the module. 
Rich club assessment 
Anatomical rich club organization was investigated following previously described 
methods (Alstott et al., 2014; Collin et al., 2014; van den Heuvel and Sporns, 2011). Binarized 
connectivity matrices were used to calculate the degree of each node by summing across 
columns. At each level of degree, k, the rich club coefficient, 𝜙, was calculated by selecting 
the subgraph of nodes with degree >k and summing the number of connections, 𝐸, within the 
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subgraph. At each k level the rich club coefficient was compared to an equivalent k level 
distribution obtained from a set of null model random graphs. Null model graphs were 
obtained by randomly rewiring each connection (5 times on average) while preserving the 
original degree sequence (Rubinov and Sporns, 2011). The normalized topological rich club 
coefficient, 𝜙𝑛𝑜𝑟𝑚, was then computed as (Alstott et al., 2014): 
𝜙𝑛𝑜𝑟𝑚(𝑘) =
𝜙(𝑘)
𝜙𝑟𝑎𝑛𝑑(𝑘)
=
𝐸(𝑘)
𝐸𝑟𝑎𝑛𝑑(𝑘)
 
where 𝜙𝑟𝑎𝑛𝑑  is the random graph rich club coefficient and 𝐸𝑟𝑎𝑛𝑑  the number of 
connections present in the random network’s subgraph with richness level >k. This simplified 
definition of the normalized topological rich club coefficient arises from selection of an 
appropriate null model that preserves the original degree distributions (Alstott et al., 2014). 
For each subject, 𝜙𝑛𝑜𝑟𝑚  was estimated across 1000 random graphs and averaged to 
provide a mean estimate for the normalized rich club coefficient for richness levels k>6 to 
k>152.  Rich club organization is said to be present within a graph when 𝜙𝑛𝑜𝑟𝑚 > 1  is 
observed over a range of k (Colizza et al., 2006). To test for the significance of topological rich 
club organization over the group of subjects, a 1-sample t-test was performed at each level of 
k to test whether 𝜙𝑛𝑜𝑟𝑚 > 1  and p<0.05 (Bonferroni corrected) was taken as supportive 
evidence for statistical significance. 
Once the presence of a topological rich club had been established, nodes were ordered by 
the highest rich club level they participated in. Two rich club levels were defined following 
previous methods (Harriger et al., 2012): level 1 at k>104 and level 2 at k>90. These two levels 
both fall within the high rich club regime where the most heavily connected regions of level 1 
also form a subset of the level 2 nodes. 
Rich club edge classes and microstructure 
Network edges were assigned into one of three edge classes based on their connectivity 
to rich club and non-rich club nodes (Supplementary Figure 4a; van den Heuvel et al., 2012): 
i) rich club connections were defined as linking rich club nodes; ii) feeder connections linking 
rich club and non-rich club nodes; and iii) local connections linking non-rich club nodes. 
Average microstructure measurements across the three rich club edge classes were compared 
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following the same procedure described for the modular edge classes (see the Quantification 
of white matter tissue properties and Structural properties across modular node classes and 
connections methods sections). 
Supplementary results 
4. Hierarchical modularity and microstructural enrichment of the brain’s integrative architectures 
Rich club organization 
Topological rich club organization was found to be present, as indicated by an above 
chance level of interconnectivity between high degree nodes, confirming a number of 
previous reports (Supplementary Figure 4b; Collin et al., 2014; van den Heuvel et al., 2012; 
van den Heuvel and Sporns, 2011). The normalized rich club coefficient, 𝜙𝑛𝑜𝑟𝑚  , was 
significantly greater than 1 over a wide range of k values (p<0.05, Bonferroni corrected). The 
brain’s anatomical rich club at level 1 (k>104) comprises a set of highly interconnected hub 
regions spread across precuneus, superior frontal, middle frontal, pars opercularis, inferior 
parietal, posterior cingulate and insular cortices (Supplementary Figure 4c). A list of all Level 
1 rich club nodes is provided in Supplementary Table 1. The connections linking rich club nodes 
- the rich club edges - form a bihemispheric core network (Supplementary Figure 4d) which 
are linked to more peripheral parts of the network by feeder (Supplementary Figure 4e) and 
local (Supplementary Figure 4e) connections. 
Microstructural organization of the topological rich club 
Wiring cost economy: streamline density and length 
On average there was an increased number of streamlines in rich club connections versus 
feeder connections (p<0.05). Rich club connections were longer than feeder (p<0.05) and local 
(p<0.001) connections. Feeder connections were also found to be longer than local 
connections (p<0.001). Rich club connections were significantly more costly to the network 
architecture than feeder (p<0.01) and local (p<0.01) connections. These results are in 
agreement with previous assessments of rich club network costs (Collin et al., 2014; van den 
Heuvel et al., 2012). 
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Myelination and iron content: MT, R1 & R2* 
Rich club connections had significantly higher values for MT and R1 (indicative of myelin 
content) on average than local connections (p<0.05 | p<0.05). Feeder connections also had 
significantly higher MT and R1 than local connections (p<0.001 | p<0.001). No effect was 
found for differences in R2* between rich club edge classes. 
Diffusion tensor imaging (DTI) 
Local connections were found to have lower FA than rich club (p<0.01) and feeder 
(p<0.001) connections. Average MD across local edges was significantly lower than across 
feeder connections (p<0.05). RD showed the opposite effect to FA with higher average values 
for RD in local connections as compared to rich club (p<0.001) and feeder (p<0.001) 
connections. Marginally higher values for AD were found for rich club connections as 
compared to feeder and local connections but these did not pass the significance threshold 
(p=0.056 | p=0.057). 
NODDI and g-ratio imaging 
The average ICVF across local edges was found to be significantly lower than that observed 
across rich club (p<0.001) and local (p<0.001) connections. In contrast, the average value for 
ODI across local edges was greater than that observed in rich club (p<0.01) and feeder 
(p<0.001) connections. No effect was observed for differences in average g-ratio values across 
the rich club edge classes which contrasts with a recent report of g-ratio differences along rich 
club edges (Mancini et al., 2017). 
Grey matter microstructural covariance 
No effects were found between edge classes for the nodal microstructure covariance 
measures of MT, R1 or MD. R2* covariance was significantly higher on average in rich club 
connections than in feeder (p<0.05) and local (p<0.01) connections. Feeder connections had 
higher R2* covariance than local connections (p<0.05). Structural covariance as measured by 
cortical thickness was higher on average across local rather than feeder connections 
(p<0.001).  
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Supplementary figures 
  
Supplementary Figure 2.1. Tissue measurement associations with age, sex and hemisphere in all subjects imaged at the 
higher resolution (n = 718). GLMs were used to estimate T-statistics for MT, R1, R2*, g-ratio, FA, MD, ICVF and ODI with 
age, sex, hemisphere and their interactions with age. Associations were highly consistent to models results when 
including the additional low-resolution subjects (see Fig. 7). Male and left hemisphere coded as 0. The valance of the g-
ratio and MD associations have been reflected for visualization purposes across each of the panels. Horizontal dashed 
grey lines display the FEW-corrected significance level at p≤0.001. 
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Supplementary Figure 3.1. MT, R1 and R2* microstructure measurements are reliable across 1 mm3 and 1.5 mm3 
protocols. MT, R1 and R2* values sampled across 3,015 network edges for 38 individuals evaluate (a) measurement 
reliability across 1 mm3 and 1.5 mm3 image resolutions, and (b) test-retest reproducibility of the 1 mm3 datasets. Edge 
microstructure measures are consistent for both imaging resolutions with a comparable consistency to test-retest 
measurements made at 1 mm3. 
Supplementary Figure 3.2. Aging rates are consistent along a fascicle for MT, R1, R2*, MD and ICVF but not for FA. The 
linear effects of age were tested along 12 major white matter pathways (left/right thalamic radiation, left/right cingulum, 
left/right inferior longitudinal fasciculus, left/right superior longitudinal fasciculus, left/right uncinate and left/right 
arcuate) for all subjects over 45 yrs of age. The t-statistic is plotted for each MRI measure along the left arcuate fasciculus 
as a representative example. Strong and consistent aging effects are observed along the length of the arcuate for all 
measures except FA. This is reflected in the bar plot of the mean t-stat of a fascicle divided the t-stat standard deviation 
along its length – the t-stat SNR. Error bars represent the standard error of this measure across the 12 fascicles. 
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Supplementary Figure 3.3. Consistent clustering results using parametric and non-parametric models. Linear mixed 
effects (LME) clustering was performed to assess the consistency of results when using a non-parametric description of 
lifespan trajectories. Highly consistent clustering results emerge as compared to the parametric approach employed in 
this study. Summarizing lifespan trajectories as 15 lifespan measures (3 lifespan parameters x 5 MRI biomarkers) thus 
captures the key white matter aging features while also improving interpretability. 
Supplementary Figure 3.4.1. MT lifespan measures and confidence intervals (CIs). Lifespan measures for the age of peak 
maturity (Peak Age), the tissue value at peak maturity (Peak Value) and the cumulative tissue change from age 10 to age 
75 (Lifetime Change) are shown for each of the 3015 network edges connecting 349 cortical and sub-cortical nodes. 95% 
CIs were estimated from model bootstrapping. Peak Age values are in years; Peak Value and Lifetime Change measures 
are expressed in percentage points. 
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Supplementary Figure 3.4.2. R1 lifespan measures and confidence intervals (CIs). Lifespan measures for the age of peak 
maturity (Peak Age), the tissue value at peak maturity (Peak Value) and the cumulative tissue change from age 10 to age 
75 (Lifetime Change) are shown for each of the 3015 network edges connecting 349 cortical and sub-cortical nodes. 95% 
CIs were estimated from model bootstrapping. Peak Age values are in years; Peak Value and Lifetime Change measures 
are expressed in units of s-1. 
Supplementary Figure 3.4.3. R2* lifespan measures and confidence intervals (CIs). Lifespan measures for the age of peak 
maturity (Peak Age), the tissue value at peak maturity (Peak Value) and the cumulative tissue change from age 10 to age 
75 (Lifetime Change) are shown for each of the 3015 network edges connecting 349 cortical and sub-cortical nodes. 95% 
CIs were estimated from model bootstrapping. Peak Age values are in years; Peak Value and Lifetime Change measures 
are expressed in units of s-1. 
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Supplementary Figure 3.4.4. MD lifespan measures and confidence intervals (CIs). Lifespan measures for the age of peak 
maturity (Peak Age), the tissue value at peak maturity (Peak Value) and the cumulative tissue change from age 10 to age 
75 (Lifetime Change) are shown for each of the 3015 network edges connecting 349 cortical and sub-cortical nodes. 95% 
CIs were estimated from model bootstrapping. Peak Age values are in years; Peak Value and Lifetime Change measures 
are expressed in units of mm2s-1. 
Supplementary Figure 3.4.5. ICVF lifespan measures and confidence intervals (CIs). Lifespan measures for the age of peak 
maturity (Peak Age), the tissue value at peak maturity (Peak Value) and the cumulative tissue change from age 10 to age 
75 (Lifetime Change) are shown for each of the 3015 network edges connecting 349 cortical and sub-cortical nodes. 95% 
CIs were estimated from model bootstrapping. Peak Age values are in years; Peak Value and Lifetime Change measures 
are expressed in fractional units. 
 
 
129 
 
 
 
  
Supplementary Figure 3.5. Partial correlations of lifespan measures. (a) Partial correlations of all pair-wise relationships 
between lifespan measures across the entire white matter (global) and for each lifespan module. Significant correlations 
(p<0.05, Bonferroni corrected) are highlighted using an outlined box. Each lifespan module exhibits a unique maturational 
fingerprint of tissue microstructure interactions (b) Associated p-values for each partial correlation. The order of matrix 
elements is outlined below. 
Supplementary Figure 4.1. Edge weight histograms (number of streamlines, NOS) for a) the principal CoLaus dataset and 
b) the replication HCP dataset. 
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Supplementary Figure 4.2. Modular organization for the CoLaus dataset at level 1. Nodes are projected onto the cortical 
surface and colored according to their module assignment. Notice the high degree of hemispheric symmetry across the 
majority of modules. 
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Supplementary Figure 4.3. Modular organization for the CoLaus dataset at level 1. Nodes are projected onto the cortical 
surface and colored according to their module assignment. Notice the high degree of hemispheric symmetry across the 
majority of modules. 
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Supplementary Figure 4.4. Structural characteristics of modular edge class connections in the HCP replication dataset. 
Edge class types ordered from most- to least-integrative are connector-connector (red), connector-satellite (orange), 
peripheral-provincial (green) and peripheral-peripheral (blue) connections. Bar graphs show the mean microstructural 
tissue property values across the edge classes for multiple structural measurements. Data on edge class values are 
provided for: a) the number of streamlines (NOS) and length of edges for the 4 edge classes; d) NODDI measures of ICVF 
and ODI, and the T1w/T2w ratio measurement; c) DTI measures of FA, MD, RD and AD. The general trends are extremely 
similar to the main CoLaus dataset, showing increased microstructural organization and investment in the brain’s most 
integrative connections. Error bars express the standard deviation of a measurement over the group of subjects. 
Significance assessed using permutation testing (10,000 permutations): *P<0.05, **P<0.01, ***P<0.001. 
Supplementary Figure 4.5. Rich club organization of structural brain networks. a) A toy network detailing how a graph 
can be classified into rich club (red) and non-rich club (grey) nodes, and rich club (red), feeder (orange) and local (yellow) 
edges. b)  Normalized rich club curve (black) taken as the ratio between the average richness at each degree level, k, over 
the group of subjects and a randomized rich club curve in representative control networks (1000 randomized networks 
per subject, controlling for degree sequence). Blue and red circles highlight the lowest and highest rich club levels 
investigated in this work. Rich club organization is presented on glass brains, detailing the spatial organization of rich club 
nodes (blue), non-rich club nodes (grey), and c) rich club edges (red), d) feeder edges (orange) and e) local (yellow) edges. 
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Supplementary Figure 4.6. Structural characteristics of rich club connections in the principal CoLaus dataset. Edge class 
types represent rich club (red), feeder (orange) and local (yellow) edges. Bar graphs show the mean microstructural tissue 
property values across the edge classes for multiple structural measurements. Data on edge class values are provided 
for: a) the number of streamlines (NOS) and length of edges for the 4 edge classes; b) quantitative measures of MT, R1 
and R2*; c) DTI measures of FA, MD, RD and AD; d) NODDI measures of ICVF and ODI; e) structural covariance of MT, 
R1m R2*, MD and cortical thickness; and f) the g-ratio tissue measurements. The general trends show increased 
microstructural organization and investment in the brain’s rich club connections. Error bars express the standard 
deviation of a measurement over the group of subjects. Significance assessed using permutation testing (10,000 
permutations): *P<0.05, **P<0.01, ***P<0.001. 
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Supplementary tables  
  
Supplementary Table 2.1. Percentage measurement change during maturation and senescence. Maturation defined as 
percentage change from age 15 to peak; senescence defined as percentage change from peak to age 75. CingC: cingulum-
cingulate; CingH: cingulum-hippocampus; IFOF: inferior fronto-occipital fasciculus; ILF: inferior longitudinal fasciculus; 
SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus; TR: thalamic radiations; CST: 
corticospinal tract; CC. Major: corpus callosum forceps-major; CC. Minor: corpus callosum forceps-minor. 
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Supplementary Table 2.2. Regression models of age, sex, hemisphere and resolution on tract-averaged white matter MT and R1. Standardised βs (p values) and adjusted R2 reported. 
Associations significant at p<0.001 (uncorrected) highlighted in bold. Male, high resolution and left hemisphere coded as 0. CingC: cingulum-cingulate; CingH: cingulum-hippocampus; IFOF: 
inferior fronto-occipital fasciculus; ILF: inferior longitudinal fasciculus; SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus; TR: thalamic radiations; CST: 
corticospinal tract; CC. Major: corpus callosum forceps-major; CC. Minor: corpus callosum forceps-minor. 
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Supplementary Table 2.3. Regression models of age, sex, hemisphere and resolution on tract-averaged white matter R2* and g-ratio. Standardised βs (p values) and adjusted R2 reported. 
Associations significant at p<0.001 (uncorrected) highlighted in bold. Male, high resolution and left hemisphere coded as 0. CingC: cingulum-cingulate; CingH: cingulum-hippocampus; IFOF: 
inferior fronto-occipital fasciculus; ILF: inferior longitudinal fasciculus; SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus; TR: thalamic radiations; CST: 
corticospinal tract; CC. Major: corpus callosum forceps-major; CC. Minor: corpus callosum forceps-minor. 
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Supplementary Table 2.4. Regression models of age, sex, hemisphere and resolution on tract-averaged white matter FA and MD. Standardised βs (p values) and adjusted R2 reported. 
Associations significant at p<0.001 (uncorrected) highlighted in bold. Male, high resolution and left hemisphere coded as 0. CingC: cingulum-cingulate; CingH: cingulum-hippocampus; IFOF: 
inferior fronto-occipital fasciculus; ILF: inferior longitudinal fasciculus; SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus; TR: thalamic radiations; CST: 
corticospinal tract; CC. Major: corpus callosum forceps-major; CC. Minor: corpus callosum forceps-minor. 
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Supplementary Table 2.5. Regression models of age, sex, hemisphere and resolution on tract-averaged white matter ODI and ICVF. Standardised βs (p values) and adjusted R2 reported. 
Associations significant at p<0.001 (uncorrected) highlighted in bold. Male, high resolution and left hemisphere coded as 0. CingC: cingulum-cingulate; CingH: cingulum-hippocampus; IFOF: 
inferior fronto-occipital fasciculus; ILF: inferior longitudinal fasciculus; SLF: superior longitudinal fasciculus; UNC: uncinate fasciculus; ARC: arcuate fasciculus; TR: thalamic radiations; CST: 
corticospinal tract; CC. Major: corpus callosum forceps-major; CC. Minor: corpus callosum forceps-minor. 
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Metric Model p-value versus opposing model 
    Linear Poly2 Poisson LOWESS 
MT Linear     
 Poly2 <0.001   <0.001   
 Poisson <0.001    
  LOWESS <0.001   <0.001   
R1 Linear   <0.001  
 Poly2 <0.001   <0.001 <0.05 
 Poisson     
  LOWESS <0.001   <0.001   
R2s Linear     
 Poly2 <0.001    
 Poisson <0.001 <0.001   <0.05 
  LOWESS <0.001       
MD Linear     
 Poly2 <0.001    
 Poisson <0.001 <0.05   
  LOWESS <0.001 <0.001 <0.05   
ICVF Linear     
 Poly2 <0.001    
 Poisson <0.001 <0.001   
  LOWESS <0.001 <0.001 <0.001   
 
  
Supplementary Table 3.1. Aging model selection for each MR biomarker using repeated 5-fold cross-validation. Four aging 
models were tested using repeated 5-fold cross-validation. These models were: a linear model (linear), a second order 
polynomial (Poly2), a Poisson curve (Poisson), and a smoothing spline (LOWESS). Cross-validated errors across all white 
matter edges and iterations were compared for each MRI biomarker using a Wilcoxon rank sum test. The table lists all 
significant results (p<0.05, Bonferroni corrected) and optimal models are highlighted in green. If two models performed 
comparably the simplest model was selected (e.g. for MT Poly2 was selected). 
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Supplementary Table 4.1. Connector hub nodes. Connector hub regions listed along with their aparc and HCP-MMP1 
atlas names. N-times connector reports the number of times the region was determined to be a connector hub across 
the three hierarchical levels. Only connector hub nodes which were selected at 2 or more hierarchical levels are reported 
here. aparc refers to the Desikan-Killiany freesurfer atlas (Desikan et al., 2006); HCP-MMP1 refers to the regional 
definitions from a recent multi-modal parcellation of human cerebral cortex (Glasser et al., 2016). 
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Supplementary Table 4.2. Rich club nodes. Rich club regions listed along with their aparc and HCP-MMP1 atlas names 
and degree level. aparc refers to the Desikan-Killiany freesurfer atlas (Desikan et al., 2006); HCP-MMP1 refers to the 
regional definitions from a recent multi-modal parcellation of human cerebral cortex (Glasser et al., 2016). 
